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Navigating Weight Prediction with Diet Diary

Anonymous Author(s)

ABSTRACT

Current research in food analysis primarily concentrates on tasks
such as food recognition, recipe retrieval and nutrition estimation
from a single image. Nevertheless, there is a significant gap in
exploring the impact of food intake on physiological indicators (e.g.,
weight) over time. This paper addresses this gap by introducing
the DietDiary dataset, which encompasses daily dietary diaries and
corresponding weight measurements of real users. Furthermore,
we propose a novel task of weight prediction with a dietary diary
that aims to leverage historical food intake and weight to predict
future weights. To tackle this task, we propose a model-agnostic
time series forecasting framework. Specifically, we introduce a
Unified Meal Representation Learning (UMRL) module to extract
representations for each meal. Additionally, we design a diet-aware
loss function to associate food intake with weight variations. By
conducting experiments on the DietDiary dataset with two state-of-
the-art time series forecasting models, NLinear and iTransformer,
we demonstrate that our proposed framework achieves superior
performance compared to the original models. We will make our
dataset, code, and models publicly available.

CCS CONCEPTS

« Information systems — Multimedia information systems.
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1 INTRODUCTION

Food plays a vital role in human existence, affecting the quality of
life and various physiological indicators, with weight being one of
the most fundamental and critical aspects. [24] indicates that the
relative balance between energy expenditure and dietary intake
determines weight gain or loss. Notably, the energy expenditure in
non-exercise activities (such as sitting) usually accounts for a sig-
nificantly larger portion of total energy expenditure than exercise
[21]. Motivated by these insights, we aim to investigate the impact
of food intake on weight prediction.

Numerous studies have focused on various tasks within the
food domain, such as food classification [11, 25, 35, 37], ingredients
recognition [1, 5, 6], recipe retrieval [19, 46, 48, 53, 54, 63, 64], food
volume prediction [32, 34, 49] as well as calorie and nutritional
information estimation [36, 50, 52]. Nevertheless, these existing
methods typically analyze each food image independently and do
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Figure 1: The overview of the proposed weight prediction
with diet diary task. Given a historical food intake and cor-
responding weight measurement in the past L days, the task
aims to predict the weights in the following T days.

not investigate the impact of food intake on physiological indicators
(e.g., weight) over a period of time.

To address this gap, this paper navigates weight prediction with
dietary diary. On the one hand, we construct a novel dataset named
DietDiary, which includes daily dietary records and corresponding
weight measurements for 611 participants from a health manage-
ment system. Different from existing datasets in the food domain
such as [2, 5, 38], DietDiary is the first dataset to provide both food
intake and corresponding weight measurements over a period of
time. On the other hand, as illustrated in Figure 1, we define a new
task that aims to leverage historical weight and food intake data
to predict future weights. This task poses two major challenges:
(1) Meal representation learning. Given that food intake can be
represented in various forms, such as textual ingredient labels or
food images, developing an effective method for learning meal
representations for weight prediction is crucial. (2) Modeling the
correlation between food intake and weight changes. Since food
intake is closely related to weight, weight prediction requires more
than just exploring the temporal relationships between historical
and future weights. Understanding the complex correlation and de-
pendencies between dietary intake and weight fluctuations presents
significant challenges to this task.

To address the aforementioned challenges, we propose a novel
framework that integrates food intake information for weight pre-
diction. Specifically, we introduce a Unified Meal Representation
Learning (UMRL) module that leverages CLIP [43] text or image
encoders to extract a unified feature representation of a meal from
various forms of historical food intake. Additionally, we propose
a diet-aware loss function to enable the model to capture the cor-
relation and dependencies between food and weight changes. Im-
portantly, our framework is designed to be compatible with any
existing time series forecasting model for weight prediction that
incorporates food intake information. We evaluate our framework
on the DietDiary dataset using two representative advanced time
series forecasting models, NLinear [59] and iTransformer [31]. The
superior performance of our framework over these models demon-
strates its effectiveness in leveraging food intake information for
weight prediction.

59
60

61

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

106

107

108

109

110

111

112

114

115

116


https://doi.org/10.1145/nnnnnnn.nnnnnnn

117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

ACM MM, 2024, Melbourne, Australia

The contributions of this paper can be summarized as follows:

We construct a new DietDiary dataset, which is the rst
dataset providing food intake and corresponding weight
measurements over a period of time.

We introduce a novel task of weight prediction using di-
etary information. This task uniquely treats food intake
as temporal data and investigates its potential to improve
weight prediction.

We propose a model-agnostic time series forecasting frame-
work for weight prediction with food intake. Our frame-
work demonstrates signi cant improvements over existing
methods in weight prediction performance.

2 RELATED WORK

2.1 Time Series Forecasting

Time series forecasting is a fundamental task in various elds,
including nance, tra c and meteorology. Over the years, to ad-
dress the inherent challenges of predicting future values based

Anon.

2.2 Food Analysis 175

With the development of computer vision and the emergence of 17
various food datasets, research methods and tasks in the food do*’’
main have gradually become more diverse. Some traditional visual 1"
tasks have been extended to the food domain, such as food classi +7°
cation [11, 25 27, 35 37, ingredients recognition 1, 5, 6, 29, and 180
food segmentation]7, 23 28 57]. With the release of RecipelM 8!
[47, cross-modal food-related tasks have been extensively studied,®?
such as the retrieval of nding the most relevant recipe for a food &3
image or vice versag, 9, 19 48 63. Some works focus on gen- 84
erating recipes from imagedP, 20 49 or corresponding images ~ 18°
from recipes 82, 62. These tasks all involve analyzing each image &
independently, whereas in this paper, we model temporal dietary &7
data, which has not been explored in previous studies. 188

Another research branch involves predicting the nutritional com-  *8°
ponents and calorie of food from food images, which aids in mon- *°
itoring intake patterns. Some works estimate volume rst from 1
voxel [36, point cloud [18 33 or 3D mesh B(, then mapping %
is achieved through data on the calories contained per unit vol- %
ume. With the release of Nutrition5K57, a dataset providing %

©O

on past observations, numerous models are proposed, such as the ne_grained nutritional attributes, food quality and food videos, %

famous ARIMAR]. With the rise of deep learning, neural network-
based approaches have gained popularity in time series forecasting.
Models such as Long Short-Term Memory (LSTM) netwopZ[
DeepARf4 and Prophetp]] are used to capture long-term depen-
dencies and nonlinear relationships in the data. As Transforr3ék[
demonstrates powerful sequence modeling capabilities in natural
language processindf], computer visionf, 15 and other domains,
models based on modifying the vanilla Transformer, especially the
attention mechanism, tailored for time series forecasting tasks have
been widely researched, such as Infornm@d[ Autoformer [56],
Pyraformer [30], and FEDformer [61].

While various research e orts are ongoing to modify attention
structures to achieve better Transformer-based solutiof§) fjues-
tions the e ectiveness of the Transformers and proposes a set of
simple and e cient linear models including Linear, NLinear, and
DLinear, which have led more researchers to focus on linear-based
model. TiDE L3 designs a Multi-layer Perceptron (MLP) based
encoder-decoder model to capture covariates and non-linear depen-
dencies. TSMixerl§ patches the time series data and enhances
the learning capability of simple MLP structures. Chen et 4l[
propose a Time-mixing MLP to model temporal dependency and
a Feature-mixing MLP to analyze the cross-variate information.
In uenced by the outstanding performance of linear models, sev-
eral works continue to employ transformer-based architectures
but seek performance enhancement from alternative perspectives.
PatchTST 41]] uses patched data as input and adopts a channel-
independence design that makes a token only contains information
from one channel, instead of changing the structure of the trans-
former. iTransformer B1] inverts the duties of the attention mech-
anism and the feed-forward layer to capture temporal information
to achieve promoted performance and generalization.

In contrast, we propose a model-agnostic time series forecasting
framework to predict weight with food intake. To validate the
e ectiveness of our framework, state-of-the-art linear-based model
NLinear [69 and transformer-based model iTransforme3]] are
chosen as our time series forecasting models respectively.

some works predict nutrition directly from images by neural net- 1%
work [50, 52 5§. However, these works only predict nutritional %7
information without further linking food intake to weight. Tothe 198
best of our knowledge, this paper is the rst work to utilize dietary  *°°

diary to predict weight. 200
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Figure 2: Distribution of the number of recording days for 217
the participants in DietDiary dataset. The y-axis is in the log 218
scale. 219
220
221
222
3 DATASET CONSTRUCTION 223

We introduce a novel dataset, DietDiary, speci cally for analyzing 224
weight in relation to food intake. In contrast to datasets such as 225
Food-101%], VIREO Food-17%[7], Food2K B9 and Recipe1lM47, 226
DietDiary encompasses diet diary of three meals over a period of 227
time, accompanied by daily weight measurement. To the best of 228
our knowledge, DietDiary is the rst dataset in the food domainto 229
provide this kind of data, o ering new opportunities for research 230
in dietary pattern analysis and its impact on weight management. 231
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