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Abstract

Estimating nutrients from recipes is essential for performing proper daily dietary control. The nutrients of the recipe
could be roughly calculated by identifying the nutrients and weights of each ingredient in the recipe. However,
no dataset with fully manual annotations of nutritional values and weights has been released so far, especially for
Japanese recipes. In this work, we propose a novel dataset called the Japanese Food Composition Recipe Dataset
(JFC-Recipe). The JFC-Recipe dataset consists of two types of annotations: (i) food item annotation that links
ingredients in recipes to a database providing nutrients for foods and (ii) amount and unit annotation that are con-
verted into weights in grams using a weight table. We describe a data collection procedure and annotation process,
show statistics, and provide inter-annotator agreements to validate the quality of our annotations. In experiments,
we tackle two tasks of food item estimation and quantity estimation. Experimental results show that pre-trained lan-
guage models learn to estimate food items and quantities accurately.

Keywords: annotation, cooking recipe, nutrient estimation

1. Introduction

Daily dietary habits have a significant impact on
disease risk and life expectancy. In recent years,
there has been a growing interest in building a
system that provides a healthy diet (Afshin et al.,
2019; Willett et al., 2019). Since dishes are inher-
ently based on cooking recipes, estimating nutri-
ents from recipes is a promising way to build a di-
etary control system. Compared to recipes cre-
ated by professionals, user-generated recipes ex-
ist in larger quantities and are more closely tied
to our daily lives as they are easily accessible
through recipe websites and social media. There-
fore, this study focuses on nutrient estimation from
user-generated recipes.

In natural language processing, there exist few
studies on estimating nutrients from recipes. Ex-
isting work (Harashima et al., 2020; Feher et al.,
2023) built a private database that consists of
normalized food expressions and nutrients and
proposed to normalize ingredient expressions to
link them to the database. However, these ap-
proaches have issues with the comprehensive-
ness of the foods and the maintenance and man-
agement costs associated with the database. On
the other hand, there exist databases that are de-
veloped and maintained by national authorities.
These databases can be considered more reliable
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(2) Amount & unit annotation

Weight
Table

Stewed chicken and potatoes

Title FBAIL » M

Ingredients
Expression | Quantity Amount | Unit Weight
Chicken thigh Sheet Sheet
—BEERW (172880 > 0.5 o 150g
Potatoes
— U whiv\E | 240g —» 240 9 2409
Salt A little A little
mb: L DR 19
(1) Food item annotation
Food composition table (per 100g)
Cal. | PRO Na
D
Food name (keal) | (9) (mg)
bird meats chicken thigh raw
- 1215 | gpgEchEYbdlL. e | 234 (173 .| 42
02017 | (N e htun e 245 | 1.8 | .| 1
spices salts salt
Lp.| 17012 | g BRI B A 0 0 ... | 39,000 | ...
Recipe
" | Nutrient

Figure 1: Overview of our annotation. (1) Ingredi-
ent to food name linking annotates ingredient ex-
pressions in recipes with food items in the food
composition database. (2) Quantity annotation an-
notates the ingredients with amounts and units,
which are converted into weights automatically us-
ing a weight table.

in terms of comprehensiveness, quality, and future
extensibility. Therefore, the above issues can be
remedied with such databases.
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Food

The Japanese food composition table

The USDA database

bird meats
skin-on chicken thigh

potatoes

skinless potato

%Vw/uokz Db b &

tuber  without skin  raw

WHEH/L %#L\ BB LI

Chicken, breast, meat and skin, raw
Potatoes, gold, without skin, raw

Table 1:

Examples of food items in the Japanese food composition table and the USDA database. Food

items are defined at a similar granularity in terms of food type and state.

In addition to linking ingredient expressions
to the database, quantity estimation for ingredi-
ents (Choi et al., 2023) needs to be addressed.
Especially in user-generated recipes, these ex-
pressions are diverge due to inconsistencies in no-
tation and typographical errors. For example, the
amount “1/2” may be written as “0.5” or “2.” Units
may sometimes be omitted, but actual weight can
vary greatly depending on the unit (e.g., “1 cup”
and “1 teaspoon”), so it should be estimated ac-
curately. Therefore, estimating the amount and
unit is simultaneously important with linking ingre-
dients to the database.

To tackle the above challenges, we pro-
pose Japanese Food Composition Recipe (JFC-
Recipe), a novel dataset for nutrient estimation
from recipes. As shown in Figure 1, the JFC-
Recipe dataset consists of two types of annota-
tions for ingredients: (i) food item annotation and
(il) amount and unit annotation. Our annotation is
based on 1, 985 Japanese recipes from the Cook-
pad dataset (Harashima et al., 2016). For the food
item annotation, we adopt the Standards Tables
of Food Composition in Japan, maintained by the
Japanese government, and we refer to it as the
food composition table in this study. The food com-
position table consists of food items that provide
nutrients (e.g., cal., PRO, FAT, CHO) per 100g for

ingredients with a hierarchical food name (e.g., “

mammallan meats beef Japanese beef cattle

s WHE/S UM F I’ﬁ/l)7u Xi?l’ﬁ/i”)

manually annotated all ingredients in the reC|pes
with food items. For the quantity annotation, we
annotated the ingredients with an amount (e.g.,

stick
2”) and unit (e.g., “A&”) separately. We also built
a weight table that enables us to convert amounts
and units into weights in grams. To our knowledge,
this is the first Japanese recipe dataset that pro-
vides both ingredient nutrients and quantities that
consist of amounts and units.

We tackle nutrient estimation from recipes by di-
viding the task into two sub tasks: (i) food item
estimation and (ii) quantity estimation. We for-
mulate these tasks and investigate estimation per-
formance by pre-trained language model-based
methods. Experimental results show that our
methods achieve higher performance as the train-
ing data size increases, demonstrating the scala-
bility of our framework.

Our contributions are summarized as:

* We propose the JFC-Recipe dataset that con-
sists of (i) food item annotation and (ii) amount
and unit annotation for ingredients in recipes. We
first describe a data collection criterion and an-
notation process, and then provide statistics and
inter-annotator agreements.

* We formulate two tasks of food item estimation
and quantity estimation for nutrient estimation from
recipes. We provide experimental results using
pre-trained language model-based methods.

2. Related Work

A cooking recipe is a structured text and has
been used for a wide range of research in natu-
ral language processing. Procedures in a recipe
have been represented as a graph structure (Mori
et al., 2014; Kiddon et al., 2015; Jermsurawong
and Habash, 2015; Yamakata et al., 2020), and
methods to automatically estimate the graphs have
also been developed (Maeta et al., 2015; Kiddon
et al., 2015; Jermsurawong and Habash, 2015;
Bhatt et al., 2024). Executing steps causes ingre-
dient state changes, and estimating the changes
has been addressed to consider causal effects of
actions on entities (Bosselut et al., 2018; Tandon
et al., 2020; Kim and Schuster, 2023). Recipe
translation between languages (Sato et al., 2016)
and cultures (Cao et al., 2024) has also been
conducted. Furthermore, there exist studies con-
sidering multimodality, such as step generation
from visual information (Ushiku et al., 2017; Zhou
et al., 2018; Salvador et al., 2019; Nishimura et al.,
2019), cross-modal learning between recipes and
dish images (Salvador et al., 2017; Chen et al.,
2018; Carvalho et al., 2018; Salvador et al., 2021),
and dataset creation for multimodal recipe under-
standing (Hashimoto et al., 2014; Nishimura et al.,
2020; Pan et al., 2020; Shirai et al., 2022; Maeda
et al., 2024).

While cooking recipes have been used for a
wide variety of studies, estimating nutrients from
recipes has not been extensively studied, com-
pared to approaches that estimate nutrients from
dish images (Meyers et al., 2015; Thames et al.,
2021). Estimation from recipes has advantages
such as (i) knowing nutrients of dishes before
cooking and (ii) handling ingredients that are visu-
ally challenging to recognize, such as seasonings.
Inspired by previous work, we tackle nutrient es-
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Cal. PRO FAT CHO Na Ca

ID Food name

(keal) (9) (9 (@ (mg) (mg)
wheat breads French bread
1031 ;U%/A/ /75 AR 289 9.4 1.3 575 620 16
mammalian meats dairy fattened steer lean and fat raw
11008 | ¥ A xﬁ/j L/‘T‘Lﬁﬁyﬂlﬂﬁflil*l/#ﬁﬂ ZIEHD /4 295 16.2 26.4 0.2 50 4
11013 | B W /3 LR R B /0 78— 2R 395 140 400 02 53 3
Table 2: Examples of food items in the food composition table. Calories, protein (PRO), fat (FAT),

carbohydrate (CHO), minerals (e.g., Na), and vitamins (e.g., Ca) show nutritional values per 100g.

timation from recipes in combination of linking in-
gredients to the database (Harashima et al., 2020;
Feher et al., 2023) and estimating amounts and
units for ingredients (Choi et al., 2023).

Recipe1M+ (Marin et al., 2021) is a dataset hav-
ing similar annotations to our dataset, but there
are the following three major differences between
Recipe1M+ and our JFC-Recipe dataset. (1) A
portion of Recipe1M+ has ingredients annotated
with food items in a database’ maintained by the
United States Department of Agriculture (USDA).
As shown in Table 1, this database defines food
items with a granularity comparable to that of
the Japanese food composition table used in this
study. Ingredients in Recipe1M+ are assigned
food items by text matching, suffering from selec-
tion bias. This bias is avoided in our dataset by
manually annotating all ingredients. This claim is
supported by the number of unique food items:
Our annotation has 666 types, while Recipe1M+
has only 357. (2) Since quantity expressions in
Recipe1M+ are extracted by pattern matching, tar-
getable quantity expressions are limited. We man-
ually annotated amounts and units and created a
weight table to convert them into weights in grams.
(3) The JFC-Recipe dataset is the first Japanese
dataset for nutrient estimation from recipes. Since
food culture varies by culture, building datasets
across diverse cultures is valuable.

Choi et al. (2023) proposed KitchenScale, a
model that estimates the quantities of ingredients
in recipes. The objective of the task is to estimate
the target ingredient’s measurement type (volume
or weight), unit, and amount. The task is based on
three subtasks: measurement type classification,
unit classification, and amount regression. Our
proposed nutrient estimation approach is similar
to KitchenScale in that it estimates the units and
amounts of ingredients. Our objective is to esti-
mate the nutrients of recipes, and since the nutri-
ents of each food item are provided per 100g, it is
necessary to estimate the weights of ingredients.
Therefore we propose to create a weight table that
provides weights for each food item per unit and
estimates the weights of ingredients by using the
weight table.

'Standard Reference, release 27, containing 8,618
food items.

3. Preliminaries

This section provides the definitions of terms that
we use throughout this paper and describes pre-
liminary knowledge.

3.1. Cooking Recipe

We consider that a cooking recipe consists of the
following components: (i) a recipe title ¢, (ii) a list
of M ingredients ry,rs,- -+, 7y, (iii) quantities for
the ingredients ¢1,q2,- -+ , ¢, and (iv) a number

of servings.? Each ingredient r; (e.g., %C:;m%erb ")
stick

is paired with a quantity ¢; (e.g., 1 4"). A quantity

generally con3|sts of an amount (e.g., “1”) and a

unit (e.g., Zli ), where units may be omitted. All
the components are written in natural language.

3.2. Food Composition Table

There exist databases that are maintained by na-
tional authorities and define nutrients for food
ingredients, such as the Standards Tables of
Food Composition in Japan (Japan), FoodData
Central (U.S.), and food composition tables for
China (China). Since this study targets Japanese
recipes, we use the latest version of the Standards
Tables of Food Composition in Japan®, which is
maintained by the Japanese government and de-
fines 2,538 types of foods. Throughout this paper,
we refer to the table as the food composition ta-
ble and each record as a food item. As shown in
Table 2, the food composition table describes the
nutrients contained per 100g. Each food item can
be uniquely identified by either its ID or its food
name, which is a hierarchical notation for foods.

4. The JFC-Recipe Dataset

The JFC-Recipe dataset is characterized by two
types of annotations for ingredients in recipes: (i)
food item annotation and (ii) amount and quantity

20ther components, such as steps and user review,
are not considered in this study.

*https://www.mext.go.jp/a_menu/syokuh
inseibun (Japanese). Accessed (for all URLs): 2025-
10-16.
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Rank | Expression | Frequency | Coverage Food name
1 ok 427,440 | 3.350% | 3003 | FoM/ W /T H
2 & 342,152 | 2.768% | 17012 | FTKRE / FriidE / £k
3 x 307,591 | 2.417% | NA | K
4 Lo 250,369 | 1.966% | 17007 | FATRKE / L ¥ 508/ 2V B L & 50
5 i 243,772 | 1.916% | 12004 | % O / 200 /7
6 W 197,019 | 1548% | 17138 | FIKER xE / £/
7 i) 173,950 | 1.367% | 13003 | Z-ZLKT U\?Lz\%un | WKL/ W
8 A4 153,162 | 1204% | 16025 | 7 2 o /R B D A | B D A
9 NE— 162,100 | 1.195% | 14017 | ~Z—f51 / J5RE S 5K — | ﬁigejiug -
10 RE | 148513 | 1.167% | 6153 | mEMEH/ EAE/ DA%/ E

Table 3: Top 10 ingredient expressions found in the Cookpad dataset. The ingredient expressions are

annotated with food items. The ID for W7Jt< is annotated with N/A (Not Available) because it is not defined

in the food composition table.

annotation. This section is structured as follows:
a data collection procedure (Section 4.1), a food
item annotation (Section 4.2), amount and unit an-
notation (Section 4.3), statistics (Section 4.4), and
inter-annotator agreement (Section 4.5).

4.1. Data Collection

We selected recipes from the Cookpad
dataset (Harashima et al., 2016), which pro-
vides approximately 1.7 million user-generated
recipes uploaded on Cookpad* and is available for
use in academic research. Since Cookpad is the
largest service for providing Japanese recipes,
the Cookpad dataset is expected to cover a wide
variety of recipes. Recipes in the Cookpad dataset
consist of a recipe title, ingredient list, step-by-step
cooking instructions, and other metadata (e.g.,
number of servings). For annotation, we used
2,000 recipes from the first two sections of the
Cookpad dataset.

4.2. Food Iltem Annotation

As described in Section 3.2, the food composition
table provides food items that defines nutrients per
100g for foods. We annotated ingredients in the
2,000 recipes (Section 4.1) with food items. For
efficient annotation, we first built an automatic esti-
mator to estimate frequently appearing food items
and then instructed annotators to check and cor-
rect the annotated results.

4.2.1. Frequent Food Item Selection

We first extracted ingredient expressions in all
recipes in the Cookpad dataset. This resulted

*https://cookpad.com/ (Japanese).

in 959,543 types of unique expressions.® We se-
lected the top 2,000 expressions, and asked nutri-
tionists to annotate them with corresponding food
items. In cases where no relevant food items ex-
isted, we requested that N/A (Not Available) be as-
signed. As a result, 587 types of food items were
annotated. Table 3 shows the top 10 ingredient
expressions annotated with food items.

4.2.2. Annotation

Based on the 2,000 expressions with the 587
food names, we built a food item estimator that
classifies given ingredient expressions into one of
587 classes by training a pre-trained Japanese
BERT®. Ingredient expressions in the collected
2,000 recipes were automatically annotated with
food items estimated by the estimator. We then
instructed annotators to manually check the es-
timated food items and correct if the items were
inappropriate for the recipe. During this annota-
tion, the annotators were asked to use all 2,538
food items and two additional labels of “water” and
“N/A”. We finally used 668 labels, which include the
two additional labels. During annotation, we ex-
cluded recipes with poorly written ingredients and
those that were not actual cooking recipes. As a
result, 1,985 recipes were annotated.

4.3. Amount and Unit Annotation

We first annotated the ingredients in the 1,985
recipes with amounts and units. We then created

®We found that 773,188 (80.6%) expressions only
appear once, showing the diversity of ingredient expres-
sions in user-generated recipes.

6https://huggingface.co/tohoku—nlp/ber
t-base-japanese-whole-word-masking
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Food item Gram per unit category
ID Food name o., ‘ﬁma‘fg W S;Kk 1}1"]@%;%£E v By 7 4;% h:n %
3003 ﬁjﬁglﬁ/egfd TR 3 0 o0 0 120 0 .. 25 1,000
6065 % YL 7 100 0 100 100 0 50 0 0
7107 | NPt 0 0 120 120 0 0 0
11215 | BAR/CH S /b b/ = /4 0 280 0 28 0 o o
12005 | Hb 50 /4 50/ 60 0 o 30 0 30 0 0

Table 4: Examples from the created weight table. Cells represent weights for the combination of food
items and units. We set 0 for combinations that did not appear during annotation.

o\°
2515
9
: |:|
- I:II:I
'-'—\>’r\ K x"w@‘g@ ‘o\\\%’fq
g \‘) \‘\ \* AP &
/g & i %
% x &
@

Figure 2: Frequency of annotated units.

a weight table that enables us to convert amounts
and units into weights in grams.

4.3.1. Annotation

To maintain the consistency of units, we defined

(no unit information)
”

the foIIowmg 20 categones for units: “ & % fir”,

1’& ZIS “ﬂEH‘THﬁE%” BRI v 7, “"ﬁj\”, ¢

teaspoon dessert spoon tablespoon handful
Jﬁ&//lw” AN, T KK, -
bunch rice measuring cu|
“:ar:?‘ ”dm‘;ﬁ/ﬁ > fCCY fem”, R & ’ p”, “
. BhfA”, and “g” (gram). Note that units with
the same or similar meaning are grouped into a
single category. We instructed annotators’ to an-
notate the ingredients with a pair of amount and
unit category while referring to original quantity ex-
pressions in the recipes.

4.3.2. Weight Table Creation

We manually created a weight table that consists
of combinations of all 2,538 food items and the 20
units defined in Section 4.3.1. Each combination
represents weights in grams. The annotators were
instructed to search the web for the weight corre-
sponding to each combination and assign an av-
erage value. The combinations that did not ap-
pear during annotation were assigned 0. Table 4
shows examples. In sugar (ID 3003), for example,

FFH v 7 is assigned 120g, h— is assigned
bay
25¢g, and aigj is assigned 1,000g.

"We asked Japanese annotators who cook on a daily
basis and can prepare food by reading web recipes.

Rank Food item Count
E 822
2 | NA 794
3 | i R T 572
4 | aiREE L Y S0 wSETE 50 | 540
5 | K 454
6 | mERmz U 58 393
7 Q%ke"lfgg R 384
8 | RERTE I E AT/ AL 321
9 | FHREE 2 O /R ER 311

10 | S Esi R S 261

Table 5: Top 10 food items annotated in the JFC-
Recipe dataset.

4.4. Statistics

The annotated 1,985 recipes contained 15,188 in-
gredients, all of which were annotated with food
items, amounts, and units. Table 5 shows the top
10 food items in our annotation. The appearing
food items are similar to those in Table 3, confirm-
ing that the recipes were randomly sampled from
the Cookpad dataset. We also found that the num-
ber of unique food items per recipe was smaller
than that of ingredients per recipe. This is because
some ingredients in a single recipe may be anno-
tated with the same food item (e.g., “salt” may
appear multiple times in the ingredient list for dif-
ferent purposes). One might be concerned that
the dataset includes ingredients with no nutritional

water
values. In our annotation, only 7k and N/A are de-
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Annotation type | Agreement
Food item 75.5%
Amount 89.0%
Unit 88.2%

Table 6: Inter-annotator agreements. Cohen’s
Kappa is used for the food item and unit, while the
agreement for the amount is calculated based on
the difference in numerical values.

fined to provide no nutrients, and they account for
8.22% of the ingredients in our dataset (see Ta-
ble 5). This indicates that the remaining 92% of
food items provide nutritional values, including mi-
cronutrients, as shown in Table 2.

Figure 2 shows a histogram of annotated units.
The frequency of each unit is not equally dis-
tributed, with four units accounting for 60% of the

whole tablespoon appropriate amount
total: “BHTHRER", “KIKRL", “HE. BhF 5",
and “g”. Interestingly, “g” accounts for only 15% of
the total units, and this highlights the importance

of estimating weights from units.

4.5. Inter-annotator Agreement

To investigate the quality of the annotations, we
sampled 100 recipes (5%) from the dataset, in-
structed other annotators to annotate the samples,
and then calculated the inter-annotator agree-
ments. This annotation consists of the three anno-
tation types: food items, amounts, and units. For
measurements, we used Cohen’s Kappa (Cohen,
1960) for the food items and units, which handle
categorical variables. For the amounts, we calcu-
lated the agreement rate by considering that two
annotated amounts were the same if both were la-
beled as N/A or the difference of the numerical val-
ues was 0.01 or less.

Table 6 shows the agreements. The agree-
ments for the food items and units were 75.5%
and 88.2%, respectively, and these values are ex-
cellent by Fleiss’ guideline (Fleiss et al., 2013).
For the amounts, it achieved a high agreement of
89.0%. These agreements indicate that our anno-
tations are of high quality.

5. Experiments

With the JFC-Recipe dataset, we perform nutrient
estimation from recipes. We divide the nutrient es-
timation into food item estimation (Section 5.1)
and quantity estimation (Section 5.2) and inves-
tigate estimation performance in these tasks using
pre-trained language models.

5.1. Food Item Estimation

Food item estimation aims to estimate correspond-
ing food items to ingredient expressions in a
recipe. In this section, we formulate the task in
Section 5.1.1, describe methods in Section 5.1.2,
explain experimental settings in Section 5.1.3, and
provide results in Section 5.1.4.

5.1.1. Task Definition

Given a recipe with M food ingredient expressions
(r1,7r9, - ,ran), the goal of this task is to esti-
mate corresponding food items (t},t5,--- ,t),) to
the ingredients. Food items must exist in a pre-
defined set {t1,t2,--- ,tn}(N > M), which also
includes “water” and “N/A” (not applicable). As we
described in Section 4.2.2, N = 668 in our experi-
ments.

5.1.2. Estimation Models

Since target food items are in a closed set, fine-
tuning a pre-trained encoder (e.g., BERT (Devlin
et al., 2019)) for classification is a straightforward
solution to this problem. On the other hand, fine-
tuning a large language model (LLM) (e.g., LLAMA
3 (Grattafiori et al., 2024)) is now a de facto stan-
dard for solving NLP tasks. Thus, we consider two
approaches of classification by BERT and gener-
ation by LLM.

Classification A pre-trained BERT first converts
an ingredient expression r'r2...rX into a se-
quence of encodings h'h? - - - . A mean pooling
is performed to the encodings as h = XX 4%, and
h € RY is calculated as: h = W,(ReLU(W;h)),
where W, € R%xd1 gnd W, € RV*% gre lin-
ear transformations, and d; is the same size
as the BERT model’s hidden size. A class y
is estimated as y = argmax h. We process
all ingredients in a recipe simultaneously by
concatenating the ingredient expressions as
[CLS]ry; [INGR] 79 [INGR] --- [INGR] 7y [SEP],
where [INGR] is a newly added special token
to separate ingredients. In our preliminary ex-
periments, this boosts performance significantly
compared to encoding ingredients independently.®
Generation A pre-trained LLM takes as input a se-
quence of ingredient expressions in a recipe and
outputs a sequence of food items corresponding to
the ingredients. We can represent inputs and out-
puts in data description language® to parse them
easily. The model is trained by supervised fine-

8We consider that other ingredients in the recipe are
used as additional contextual information, but we leave
detailed analysis to future work.

®We adopted a JSON format in this work.

6354



%)
EO.Q
3 —
S
0.
0.6
EO'S —&— (Generation
4'50-4 - & -Classification
00.3 »==u=Rule-bhased
go,z L ssoooooohoooooootsoooooootEooo0o000
50.1
50.0

1/16 1/8 1/4 1/2 1/1

Training data size

Figure 3:

—0.6
0.5
>
Lo.4
";':’0 5 —e— Generation
L - & -Classification
0.2 ===usRyle-based
o
0.1 NN NN NN NN NN NN NN NN EEENEEE

0.0

1/16 1/8 1/4 1/2 1/1

Training data size

Ingredient-level accuracy (left) and macro F1 (right) by varying the training data size. Gen-

eration refers to a generative approach with a pre-trained LLM, Classification refers to a classification
approach with a pre-trained BERT, and Rule-based is a rule-based method based on Levenshtein dis-

tance.

tuning to generate the outputs directly.’® One con-
cern with LLM is the possibility of generating non-
existent food items (Maynez et al., 2020) due to
hallucination or confabulation. To address this,
we use a constrained decoding strategy using a
trie, inspired by previous work (Harashima and Ya-
mada, 2018; Cao et al., 2021). A trie is built on tok-
enized food item expressions and is used to select
valid tokens when generating food items. In our
setting, a unique phrase (e.g., “food item:”) pre-
cedes food items, and thus it enables the model
to automatically switch the constrained decoding
on and off. Similarly to the classification model,
we train the model to simultaneously estimate food
items for all ingredients in a recipe.

5.1.3. Settings

Models Since our dataset consists of Japanese
recipes, we adopted pre-trained models spe-
cialized for Japanese. Concretely, we used a
character-level Japanese BERT model'' for the
classification model and an LLAMA 3 mid-trained
on Japanese corpus (Fujii et al., 2024; Okazaki
et al., 2024)'2.'® We also demonstrate a rule-
based baseline in addition to the LLM-based mod-
els. This baseline method selects a food name

®Generating outputs in a wrong format might cause
a parse error, but we confirmed that the model learns to
generate in a valid format accurately (99%) in our pre-
liminary experiments.

11https ://huggingface.co/tohoku-nlp/ber
t-large—japanese—char-v2

12https://huggingface.co/tokyotech—llm
/Llama-3-Swallow-8B-Instruct-v0.1

8performance of both models might be boosted by
using a modernized architecture for BERT (Warner
et al., 2025) and incorporating a retrieval augmented
generation (Lewis et al., 2020) for the LLM, but we leave
detailed analysis to future work.

based on the Levenshtein distance between a food
expression and food names in the food composi-
tion table.
Hyper-parameters and
the classification model, we set (di,d2) =
(1024,1024). The all parameters were tuned
by AdamW (Loshchilov and Hutter, 2019) with
a constant learning rate of 1.0 x 10~® and a
minibatch size of 1. For the generation model,
we used low-rank adaptation (Hu et al., 2022) to
efficiently finetune the LLM. The parameters were
tuned by AdamW with a minibatch size of 1. We
tuned a learning rate by linearly increasing it from
0to 5 x 10~% for 1,000 steps and then decreasing
to 0 for 9,000 steps with a cosine annealing. A
weight decay factor was set to 0.01.

Metrics The dataset is split in a 7:1:2 ratio to cre-
ate a training, validation, and test sets. To ob-
tain reliable results, we created different splits for
5 times, train and evaluate models, and report the
mean and standard deviation of scores. We used
the following three metrics:

 Ingredient-level accuracy simply calculates
the ratio of successfully estimated food items.
« Ingredient-level F1 calculates the macro F1 of
estimated food items. The use of F1 aims to ac-
count for minority classes.

» Recipe-level accuracy calculates the ratio of
recipes in which all food items were successfully
estimated. We consider this metric to evaluate the
results at the recipe level.

optimization For

5.1.4. Experimental Results

Figure 3 and Figure 4 show results by varying
the training data size. The learning-based mod-
els significantly outperform the rule-based method
even when only one-sixteenth of the training data
is available. This result not only demonstrates
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training data size.

the challenge of estimating food names from user-
written ingredient expressions but also justifies the
use of pre-trained language models. The learning-
based models improve the scores as the training
data size increases, indicating the scalability of
this approach. Comparing both models, the gen-
eration model achieves better performance with
smaller training data, but the classification model
achieves competitive performance with full data.
Since the inference speed of the classification
model is faster than that of the generation model,
this result implies that the classification model can
be a practical choice when labeled data are abun-
dant.

5.2. Quantity Estimation

In addition to the food items, weights for each food
item are required to calculate the nutrients of the
recipe. We obtain weights by estimating ingredient
quantities that consist of amounts and units. Addi-
tionally, we also estimate the number of servings to
calculate the nutrients per serving. Thus, we con-
sider that the quantity estimation consists of two
tasks: ingredient quantity estimation and servings
estimation.

5.2.1. Task Definition

Given a recipe containing M food ingredient ex-
pressions (z1,xs, - ,xa), M user-written quan-
tity expressions (¢$,q5,---,45%,), M food items
(y1,92, -+ ,ym), and the serving expression s¢,
the goal of this task is to estimate the quantities
of each ingredient (¢q1,¢2,--- ,qa) and the num-
ber of servings s. Each quantity of ingredient ¢;
is expressed as a single number and a single unit
(g7, 4q"), where ¢} is a real number and ¢} is one
of the pre-defined units. The quantity is “N/A” (not
applicable) when the quantity is not described or
described as “an appropriate amount.”

The gold quantities ¢; are from our annotation.
The pseudo-gold number of servings s is extracted
from the serving expression s¢ by following rule-
based methods: (1) extract all numbers in the ex-
pression, including Arabic numerals and Chinese
numerals, (2) convert the numbers to Arabic nu-
merals, and (3) use the average if multiple num-

2 to 3 servings

bers are extracted. For example, “2~3 AFi” is
converted to 2.5.

5.2.2. Estimation Model

Similarly to the generation approach in Sec-
tion 5.1, we fine-tune a pre-trained LLM to solve
tasks in an end-to-end manner. Especially, we
train the model to solve both ingredient quan-
tity estimation and serving estimation using the
same model. Ingredient quantity estimation is per-
formed independently for each ingredient. The in-
put prompts of each task are as follows:

Ingredient quantity estimation

Estimate the quantity of the following ingredi-
ent. Represent the quantity in a numerical value
and a unit. The unit is in > EHENAD, " #0, P AR,
R THRER, "/ hy 70 50 s/ D a0,
’ /J\//J\IH&: ’ EF"’ 9 j(/j(%’, ) 4‘7, ’ 4‘7’ 9 %‘37 9
ﬂi/j] \/7, 70077 ,Cm7, 7%7’ 7/E[\77 7&@%\ 3&%677

or ’g’.

Serving estimation

Estimate the number of servings of the following
recipe. Represent the number of servings in a
numerical value.

5.2.3. Settings

Almost all settings are the same as those in sec-
tion 5.1.3, except for the following points.

Models Since the task is not classification except
unit estimation, we only evaluate the generation
approach. We represent inputs and outputs in a
TSV format to parse them easily.
Hyper-parameters and optimization The param-
eters were tuned with a minibatch size of 2.
Metrics We used the following two metrics:

- Quantity estimation accuracy calculates the ra-
tio of ingredients in which both the amount and unit
are correctly estimated.

« Number of servings estimation accuracy cal-
culates the ratio of recipes in which the number of
servings is correctly estimated.

5.2.4. Experimental Results

Figure 5 shows results by varying the training data
size. In both tasks, the performance improves as

6356



0.9
>
@)
o
=0.85
9]
Q
<
0.8 :
—e— Quantity
Servings
0.7

.75
1/16 1/8 1/4 1/2 1/1
Training data size

Figure 5: Accuracy of quantity estimation and
number of servings estimation by varying the train-
ing data size.

the training data size increases, similarly to the re-
sults in Section 5.1.4. In the quantity estimation
task, the model achieves 88.9% accuracy when
using all training data (1/1), which is a reason-
able result compared to the inter-annotator agree-
ment (89.0% in amount estimation, 88.2% in unit
estimation). In the number of servings estimation
task, the model achieves 93.9% accuracy.

There are some expressions where the model
could correctly estimate that the rule-based
method failed to parse. Since the expressions
are user-generated, there are many free-form

2 servings (6 small porligns)
descriptions such as “2 [A]7 (/h# A X 6 {#)” and

about 1 serving of salad for 4 people

“¥WaN7TOYZX1[E55".  These expressions
show the servings by two different criteria, so the
rule-based method of calculating the average of
the two numbers fails. The fine-tuned generation
model could parse these expressions even if the
training dataset is constructed from the rule-based
method and contains misparsed examples.

6. Conclusion

We proposed the JFC-Recipe dataset, a novel
Japanese recipe dataset for nutrient estimation
from recipes. We provided a data collection pro-
cedure, annotation process, statistics, and inter-
annotator agreements. In experiments, we for-
mulated food item estimation and quantity estima-
tion and investigated estimation performance with
pre-trained language model-based methods. Fu-
ture work include scaling the dataset, transferring
knowledge to image-based calorie estimation, ad-
dressing long-tailed labels, more accurate amount
estimation for ambiguous unit expressions utilizing
LLM’s web-scale knowledge.
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