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Abstract

The recent emergence of extreme climate events has sig-
nificantly raised awareness about sustainable living. In ad-
dition to developing energy-saving materials and technolo-
gies, existing research mainly relies on traditional methods
that encourage behavioral shifts towards sustainability, which
can be overly demanding or only passively engaging. In this
work, we propose to employ recommendation systems to ac-
tively nudge users toward more sustainable choices. We intro-
duce Green Recommender Aligned with Personalized Eating
(GRAPE), which is designed to prioritize and recommend
sustainable food options that align with users’ evolving pref-
erences. We also design two innovative Green Loss functions
that cater to green indicators with either uniform or differenti-
ated priorities, thereby enhancing adaptability across a range
of scenarios. Extensive experiments on a real-world dataset
demonstrate the effectiveness of our GRAPE.

Introduction
The recent emergence of extreme climate events, includ-
ing the record-breaking heatwaves in July 2024, catastrophic
floods, and increasingly frequent wildfires, indicates a trou-
bling shift toward global instability and highlights the criti-
cal urgency of addressing climate change (Jain et al. 2022;
Ngcamu 2023). Significant research efforts have been con-
ducted to develop proactive solutions towards sustainability,
including the development of renewable technologies and
materials that enhance energy efficiency (Samir et al. 2022;
Fang and Durable 2024). Additionally, innovations in water
purification, desalination, and recycling technologies are be-
ing explored to ensure a sustainable water supply(Darvishi
et al. 2023; Curto, Franzitta, and Guercio 2021).

Since human activities play an important role in global
sustainability, some research works concentrate on under-
standing and encouraging behavioral shifts towards sustain-
ability (Kirby and Zwickle 2021; Marcus and Roy 2019).
For example, (Štofejová et al. 2023) explore the influence
of factors such as environmental attitudes and lifestyle on
online purchasing behavior, identifying significant impacts
from an environmentally oriented lifestyle and willingness
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to pay for green products. Regarding behavioral nudges,
most existing works focus on implementing regulations and
designing poster campaigns to promote sustainable practices
(Peleg Mizrachi and Tal 2022). These methods, while tra-
ditional, can sometimes be perceived as imposing or may
rely on passive engagement, which might not consistently
engage or motivate the target audience.

Recommendation systems have shown considerable po-
tential to deliver effective, personalized, and timely nudges
that can lead to meaningful shifts in user behavior across
various domains (He, Liu, and Jung 2024). Given the vast
amount of products and services available, it is often im-
practical for consumers to review the whole item pool. In-
stead, they typically make choices from a curated list of op-
tions presented to them. By learning from users’ historical
behaviors and ongoing feedback, recommendation systems
can prioritize sustainable items that align with user prefer-
ences, thereby effectively guiding consumers towards more
sustainable choices (Zhang et al. 2024a). However, most ex-
isting works simply aim to improve prediction accuracy or
enrich user experience, often neglecting the potential of rec-
ommendation systems to influence user behavior towards
sustainability (Zhang et al. 2024b; Lin et al. 2024).

In this work, we introduce a novel task for food recom-
mendation systems, named Green Food Recommendation: to
recommend foods that not only appeal to users but also ac-
tively prioritize and promote more sustainable options. We
focus on the food domain for several reasons. First, food
production is associated with multiple environmental issues,
including water pollution, carbon emissions, and the use of
arable land (Clark et al. 2022). Second, food is a fundamen-
tal part of daily life, and even minor sustainable improve-
ments can lead to significant impacts (Poore and Nemecek
2018). Third, food sustainability encompasses a variety of
criteria, including environmental impact, nutritional value,
and more. By integrating multiple sustainability indicators,
the recommendation approaches becomes more robust and
versatile, applicable across various domains.

Several challenges need to be addressed in Green Food
Recommendation. First, individual attitudes towards differ-
ent aspects of sustainability can vary and change over time.
Simply increasing the exposure to more sustainable food op-
tions may lead to user dissatisfaction. Therefore, it is cru-
cial to recommend items that balance both evolving personal
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preference and sustainability. Moreover, the multiple indica-
tors associated with food sustainability complicate the opti-
mization of recommendations. These indicators, which re-
flect various aspects of food, can vary significantly. For ex-
ample, although fish is nutritious, it often scores poorly on
environmental impact indicators due to the water pollution
caused during its cultivation.

To tackle the aforementioned challenges, we propose a
novel green food recommendation method named Green
Recommender Aligned with Personalized Eating (GRAPE).
To model users’ varying preferences and attitude towards
sustainability, we employ both self-attention and cross-
attention mechanisms. To encourage more sustainable food
choices, we designed two novel Green Loss functions
that prioritizes more sustainable options. Regarding the
Green Loss functions, one treats all sustainability indica-
tors equally, while the other assigns them different priorities.
Extensive experiments on a real-world food dataset (Zhang
et al. 2024a) were conducted to evaluate the proposed
GRAPE. Experimental results demonstrate that GRAPE out-
performs all state-of-the-art baselines in making both accu-
rate and sustainable recommendations.

With this paper, we make the following contributions:
• We propose a novel research task of Green Food Rec-

ommendation to encourage further research that not only
caters to user preferences but also nudges user behaviors
towards sustainability.

• To bridge the gap between users’ preferences and item
sustainability, we propose Green Recommender Aligned
with Personalized Eating (GRAPE). In GRAPE, we de-
signed two innovative Green Loss functions that address
green indicators with either equal or differentiated prior-
ities, enhancing adaptability in various scenarios.

• Extensive experimental results highlight the superior per-
formance of GRAPE in making accurate and sustainable
recommendations. Furthermore, our findings demon-
strate that it is feasible to maintain recommendation ac-
curacy while enhancing the sustainability attributes of the
recommended food. We believe that our research estab-
lishes a solid groundwork for future studies in this area.

Related Work
Recent years have witnessed the worsening of environ-
mental issues such as global warming and rising sea lev-
els, which has brought increasing attention to sustainabil-
ity issues from academia.(Jain et al. 2022; Ruggerio 2021).
Many studies focus on investigating individual environ-
mental awareness, for example, to explore the environmen-
tal awareness between people from different backgrounds
(Kirby and Zwickle 2021), and investigate the causes and
future trends of people’s sustainability awareness (Marcus
and Roy 2019). Besides, there are also researches focusing
on exploring the current status and influence of specific en-
vironmental issues, for instance, climate change (Orlinska-
Wozniak et al. 2021), mountain fire (Yin et al. 2024), and so
on. Additionally, solutions to environmental problems are
also a key focus of research across various fields, includ-
ing environmentally friendly materials (Samir et al. 2022)

and industrial emission reduction (Fang and Durable 2024).
These studies have made significant contributions to a sus-
tainable society. However, through exploring the importance
of individual behavior in addressing environmental issues,
these studies have rarely delved deeply into the possibilities
of encouraging people to live greener lifestyles.

Artificial intelligence (AI) has developed rapidly in recent
years, showing great potential to solve problems in various
fields, including leverage AI to solve sustainability prob-
lems, called Green AI (Schwartz et al. 2020; Verdecchia,
Sallou, and Cruz 2023). For example, semantic, segmenta-
tion and multimodal methods are utilized for satellite im-
age processing (To et al. 2024) and climate forecast (Jones
2017), conserving resources while also improving task ac-
curacy. These efforts provide efficient solutions to specific
problems. However, few works consider leveraging AI’s in-
fluence on people’s behavior to address sustainability issues.

Recommendation systems (RS), which are widely applied
in modern society, have great potential to influence indi-
vidual behaviors, which means that recommendation sys-
tems could be able to encourage and nudge users to adopt
a greener lifestyle (He, Liu, and Jung 2024; Forouzandeh
et al. 2024; Rostami, Aliannejadi, and Oussalah 2023). No-
tice this, Zhang et al. (Zhang et al. 2024a) introduced a
green dataset for food recommendations where each food
is labeled with three sustainability indicators. Based on this
dataset, CLUSSL (Zhang et al. 2024b) is proposed to im-
prove the recommendation performances utilizing sustain-
ability indicators. However, most of the work focuses only
on improving recommendation accuracy, with very few ef-
forts dedicated to providing greener recommendations.

Method
Green Food Recommendation Task
Given an item i ∈ I , there are n sustainability indica-
tors associated with i, labeled as gi1, g

i
2, ..., g

i
n, respectively.

Given user set U with size |U| = v, for user u ∈ U who
have interacted with w items, we denote the interacted item
sequence as Iu = [i1, i2, ..., iw], where ij represents the
j-th interacted item in the chronologically ordered. Simi-
larly, the sequence of the corresponding sustainability indi-
cators for Iu is denoted as Gu

1 = [gi11 , gi21 , ..., giw1 ], ...,Gu
n =

[gi1n , gi2n , ..., giwn ]. The goal of the Green Food Recommenda-
tion is to recommend items that not only satisfy the user’s
interests but also have high sustainability indicators.

Model Architecture
Figure 1 shows the overall structure of our proposed
GRAPE, which consists of: Embedding Module, Sustain-
ability Integrated Attention Module, and Prediction Module.

Embedding Module In this module, we introduce two
distinct embedding functions for the interacted items and
their corresponding sustainability indicators. First, we em-
bed the sequence of items Iu that user u has interacted with,
using a one-hot embedding layer LI to obtain embeddings
E0

i ∈ Rw×d. Here, d represents the embedding size.
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Figure 1: The model structure of GRAPE. GRAPE consists of three main modules: the Embedding Module, the Sustainability
Integrated Attention Module, and the Prediction Module. The loss function is divided into two parts: the Normal Loss, which
aims to enhance recommendation accuracy, and the Green Loss, which targets the improvement of recommendation sustain-
ability. For the item’s sustainability indicators, a deeper color signifies a greener value.

For the sustainability sequences Gu
1 , ...,Gu

n, we introduce
a joint embedding layer JE(·) to discretize and embed the
sustainability indicator gikj :

JE(gikj ) = ⌊
gikj
∆

⌋ ×LG, j ∈ {1, ..., n}, k ∈ {1, ..., w}, (1)

where LG ∈ R
max(gj)

∆ ×d, ∆ is a hyperparameter that con-
trols the level of granularity in the discretization process, ⌊·⌋
denotes the floor function (Chen, Yang, and Yu 2022). We
then construct the embedding matrix E0

g1 , ..., E
0
gn by con-

catenating the corresponding indicator embeddings.

Sustainability Integrated Attention Module Inspired by
(Lin et al. 2024), we design a Sustainability Integrated At-
tention (SIA) Module to model the evolving preferences of
users towards items and various sustainability indicators.
Specifically, the SIA Module comprises four layers: a Pro-
jection Layer, Self- and Cross-Attention Layers, Attention
Fusion Layers, and a Feed-Forward Layer. In GRAPE, we
stack L SIA modules, and here we provide a detailed intro-
duction to the l-th module.

Projection Layer: We first project each embedding ma-
trix to capture query, key and value matrices with M atten-
tion heads. The m-th attention head for query matrix projec-
tion is formulated as:

Qm
i = fQm

i
(El−1

i ), Qm
gj = fQm

gj
(El−1

gj ), j ∈ {1, ..., n},
(2)

where fQm
i
(·), fQm

gj
(·) denote a linear projection layer, gj

denotes the j-th sustainability indicator. Similarly, we have
key matrices Km

i ,Km
gj and value matrices V m

i , V m
gj .

Self- and Cross-Attention Layers: Given that users’
preferences change over time and their behaviors demon-
strate sequential dependencies, capturing these sequential
behaviors is crucial for making accurate predictions (Jing
et al. 2023; Chen, Yang, and Yu 2022). In GRAPE, we

employ a self-attention mechanism to adeptly model users’
evolving preferences for items and various sustainability in-
dicators:

Am
x = Qm

x Km
x

⊤, x ∈ {i, g1, ..., gn}. (3)

Furthermore, we observe strong correlations among the
items users interact with and their corresponding different
sustainability indicators (Zhang et al. 2024a). For instance,
users who frequently purchase nutritional food also tend to
prefer items with high Healthy Meal Index scores. To cap-
ture such correlations within users’ interaction sequences,
we introduce a cross-attention layer:

Am
x,y = Qm

x,yK
m
x,y

⊤, x, y ∈ {i, g1, ..., gn}, x ̸= y. (4)

Attention Fusion layers: We then incorporate fusion
layers to model user preferences towards items and various
sustainability indicators. As for the item preference, we first
aggregate all captured self- and cross-attention matrices:

Ai = {Ax, Ay,z|x, y, z ∈ {i, g1, ..., gn}, y ̸= z}. (5)

Given Ai, the Item Attention Fusion layer is formulated as

Rm
i = Mask(Fuse(ri,Ai), V

m
i )), (6)

where ri ∈ R(n+1)2 is a learnable weight vector, Fuse(·)
is a attention fusion function consists of weighted sum and
gating operations (Liu et al. 2021), Mask(·) is a masked inte-
gration function which merges the captured attention matrix
with value matrix V m

i without information leakage (Kang
and McAuley 2018).

Regarding user’s sustainable preferences, we combine all
attention matrices that include all sustainability-related in-
formation:

Ag = {Ax, Ay,z|x, y, z ∈ {g1, ..., gn}, y ̸= z}. (7)

Then the embedding for each sustainability indicator prefer-
ence is generated through the Green Attention Fusion layer:

Rm
gj = Mask(Fuse(rg,Ag), V

m
gj )), j ∈ {1, ..., n}, (8)
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where rg ∈ Rn2

is a learnable weight vector.
Feed-Forward Layer: Finally, we leverage a Feed-

Forward Network (FFN) to merge the output of all M at-
tention heads (Vaswani 2017).

El
i = FFN([R1

i , ..., R
M
i ]Wi),

El
gj = FFN([R1

gj , ..., R
M
gj ]Wgj ), j ∈ {1, ..., n}, (9)

where Wi,Wgj ∈ Rd×d are learnable matrices.
We leverage L SIA modules. For the l-th SIA module, the

matrices El
i, E

l
gj (j ∈ {1, ..., n}) are then defined as:

El
i, E

l
g1 , ..., E

l
gn = SIAl(E

l−1
i , El−1

g1 , ..., El−1
gn ), (10)

where SIAl, l ∈ {1, ..., L} denotes the l-th SIA module. We
then extract the last embedding vector from each matrix as
the final preference representations, denoted as eLi , e

L
gj , re-

spectively (Devlin 2018).

Prediction Module Different users have varying prefer-
ences and levels of acceptance for sustainable food. Some
might prefer junk food but also open to trying healthy op-
tions occasionally while some others may strictly favor junk
food and show significant resistance to changing their di-
etary habits. In this module, we employ an attention layer
to explicitly model users’ preferences for items and their
inclination to select items with high sustainability values.
Specifically, we first multiply each output of SIA mod-
ules eLi , e

L
g1 , ..., e

L
gn with the embeddings e0i , e

0
g1 , ..., e

0
gn

obtained by Embedding Module, respectively. Then, we in-
troduce an attention matrix P ∈ Rv×(n+1):

ỹ=[e
L
i e

0⊤
i , eLg1e

0⊤
g1 , ..., e

L
gne

0⊤
gn ]

⊤ × P [u], (11)

where P [u] ∈ R1×(n+1) is the u-th vector in P , representing
u’s preference for the item itself and various sustainability
dimensions.

Training
Initialization We observe that the average values of sus-
tainability indicators for items users have previously inter-
acted with can somewhat reflect their preferences for sus-
tainable food (Zhang et al. 2024b). A higher average usually
indicates that the user prefer more sustainable food. Simi-
larly, the standard deviation values of these indicators shed
light on their acceptance. When users’ daily eating habits are
both relatively unhealthy and consistent, a larger variance
may suggest a greater likelihood of users adopting more sus-
tainable options. To make full use of the users’ interaction
history and improve training, we propose to initialize the at-
tention matrix P using:

P [u] = [1, µ(Gu
1 )λ(Gu

1 ), ..., µ(Gu
n) · λ(Gu

n)], (12)

where µ(·) and λ(·) represent the functions for calculating
the mean and variance of a sustainability indicator sequence,
respectively. P [u] is regularize to meet

∑
P [u] = 1.

Sampling and Loss Functions
Given a user u, we use I+

u , I−
u to denote the sets of items

that user u has interacted with and not interacted with, re-
spectively. The loss L contains two components: Normal

Loss Ln which helps GRAPE generate accurate recommen-
dations based on the user’s interaction history, and Green
Loss Lg , designed to enhance the visibility of more sustain-
able food options:

L = αLn + (1− α)Lg, (13)

where α ∈ [0, 1] is a hyperparameter.
As for the Normal Loss Ln, we sample i+ ∈ I+

u and
i− ∈ I−

u and leverage the pair wise BPR Loss (Rendle et al.
2012):

Ln = −
∑

<u,i+,i−>

log(σ(ỹi+ − ỹi−)), (14)

where ỹi denotes the predicted probability that user u will
interact with item i as determined by GRAPE, σ refers to
the sigmoid function.

The Green Loss Lg is designed to assign higher scores to
more sustainable items. However, it’s crucial to align these
scores with user preferences, rather than merely increas-
ing the visibility of greener products. A recommendation is
considered unsuccessful if a user dislikes the recommended
item, regardless of its sustainability. Therefore, we differ-
entiate between items the user has interacted with, I+

u , and
those they haven’t, I−

u , to ensure that our recommendations
accurately reflect both sustainability and user preferences.
Specifically, we sample i1, i2 ∈ I+

u or i1, i2 ∈ I−
u , where

[gi11 , ..., gi1n ] represents the sustainability indicator values for
i1, and [gi21 , ..., gi2n ] represents those for i2. We assume that
a higher value of gij indicates that item i is more sustain-
able according to the j-th sustainability indicator. For sus-
tainability indicators where a smaller value signifies greater
sustainability, we apply inverse conditions when calculating
the loss.

We introduce two types of Green Loss functions: the Non-
prioritized Green Loss Lng treats all sustainability indica-
tors equally, while the Prioritized Green Loss Lpg assigns
different priorities to each indicator. The Non-prioritized
Green Loss Lng is then defined as:

Lng = −
n∑

j=1

log(σ((gi1j − gi2j )(ỹi1 − ỹi2))). (15)

The Prioritized Green Loss Lpg is designed to recog-
nize the varying significance of different sustainability in-
dicators. For example, in food recommendations, factors
like health and nutrition might be considered more crucial
than the environmental impact of food production. There-
fore, Lpg is formulated to incorporate these manually de-
fined priorities. Inspired by (Zhang et al. 2023), we propose
considering an indicator only if all the indicator values with
higher priorities exceed predefined thresholds. Specifically,
assuming a priority order of g1 > g2 > · · · > gn, we first
compare the values of g1 for items i1 and i2. An indicator
gj is then considered valid if, for all gk with k < j, the con-
dition min(gi1k , gi2k ) ≥ βk is satisfied, where βk represents
the threshold for the indicator gk. Lpg is defined as:

Lpg = −
n∑

j=1

D(j) · log(σ((gi1j − gi2j )(ỹi1 − ỹi2))). (16)
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where

D(j) =



1 if j = 1 and min(gi11 , gi21 ) < β1

1 if j > 1 and
min(gi1j , gi2j ) < βj ;

min(gi1k , gi2k ) ≥ βk,

∀k ∈ {1, ..., j − 1}
0 else

(17)

Experiment Settings
Dataset
To evaluate the effectiveness of GRAPE, we use a food rec-
ommendation dataset (Zhang et al. 2024a) which contains
6290 users, 74324 recipes, and 316116 interactions. Each
user or recipe has at least 10 interactions. Each recipe is la-
beled with three widely used sustainability indicators: 1) En-
vironmental Impact Score (EIS) (Clark et al. 2022; Gephart
et al. 2021), where a lower score indicates greater envi-
ronmental friendliness; 2) Nutritional Impact Score (NIS)
(Clark et al. 2022), with a higher NIS score denoting more
nutritious food; and 3) Healthy Meal Index (HMI) (Kasper
et al. 2016), where a higher HMI score suggests a health-
ier meal. For dataset splitting, we employ a leave-one-out
method.

Baselines
We select the following baselines:
• BPR (Rendle et al. 2012), a traditional model that ranks

items by maximizing the predicted score difference be-
tween a user’s preferred and non-preferred items. (Wang,
De Vries, and Reinders 2006), a collaborative filtering
method that recommends items by selecting items simi-
lar to user previously interacted items.

• SHT (Xia, Huang, and Zhang 2022), a non-sequential
baseline that enhances conventional matrix factorization
with a hypergraph transformer network and generative
self-supervised data augmentation .

• STOSA (Fan et al. 2022), which embeds each item as
a stochastic Gaussian distribution, and forecasts the next
item with a self-attention mechanism.

• ICLRec (Chen et al. 2022), which learns users’ behav-
iors from unlabeled user historical interactions and is op-
timized through contrastive self-supervised learning.

• NOVA (Liu et al. 2021), which introduces a non-
invasive attention mechanism to inject side-information
into BERT structure for better attention distribution.

• CAFE (Li et al. 2022), which explicitly models user pref-
erence by fusing fine-grained item representations and
coarse-grained side-information representations.

• FDSA-CL (Hao et al. 2023), which introduces indepen-
dent self-attention layers for item and feature representa-
tions and leverage contrastive method for training.

• MSSR (Lin et al. 2024), which leverage self-attention
machinism to capture item-feature and feature-feature
correlation for both item and side-information prediction.

• FHFRS (Rostami, Aliannejadi, and Oussalah 2023),
which is a post-process green food recommendation
model, and we adopt MSSR as its framework.

Implementation Details
In our experiment, we select learning rates from [0.0001,
0.01], embedding size d from{32, 64}, and batch size from
{32, 64, 128, 256}. L2 regularization is applied when com-
puting the loss function. For hyperparameters, we select α
from [0.5, 1] for the loss function. In prioritized green loss,
we select hyperparameter βEIS from [70, 120], βNIS from
[30, 50], and βHMI from [30, 50]. 1

Evaluation Metrics
To evaluate the performances of Top-N sequential recom-
mendation, we leverage the hit ratio (HR) and normalized
discounted cumulative gain (NDCG) for N = 5, 10, 20. We
also calculate the average values of each sustainability indi-
cator in the recommended list.

Results and Analysis
Overall Performance
Table 1 demonstrates the top-N recommendation perfor-
mances of GRAPE and all baselines. From the results, we
make the following observations. First, in terms of recom-
mendation accuracy, GRAPE consistently attains the top
position across all NDCG and most HR metrics. For in-
stance, GRAPE leads the best baseline MSSR by 4.18%
in NDCG@5 and 3.94% in NDCG@20. These findings
demonstrate that GRAPE can effectively model user pref-
erences and suggest that integrating sustainability indicators
may further improve recommendation accuracy.

Second, the food recommended by GRAPE consistently
achieves higher sustainability scores than those recom-
mended by baseline models, especially against state-of-the-
art models with notable top-N recommendation accuracy.
Specifically, in terms of the Environmental Impact Score
(EIS), GRAPE outperforms MSSR by 8.91% at N=10 and
by 10.84% at N=20. This highlights GRAPE’s ability to
adaptively recommend sustainable items that align with user
preferences. While traditional methods like KNN also rec-
ommend items with relatively high sustainability scores,
they tend to achieve lower recommendation accuracy.

In short, our GRAPE outperforms all state-of-the-art base-
lines in both recommendation accuracy and sustainability
indicators. This demonstrates that recommending greener
foods does not compromise the accuracy of recommenda-
tions and can, in fact, enhance them simultaneously.

Effectiveness of Green Loss
To assess the effectiveness of our proposed Green Loss, we
perform an ablation study using the Non-prioritized Green
Loss on the hyperparameter α in Equation 13. A higher α
value indicates a lower proportion of green loss. The results
are shown in Figure 2a.

Consistent with our assumption, as α increases, the rec-
ommendation list consistently displays lower values across
all sustainability indicators. This suggests that our proposed
green loss can effectively encourage the model to make
greener recommendations.

1Our code is available: https://github.com/JingXiaoyi/GRAPE.
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Top-N Metrics BPR KNN SHT STOSA ICLRec NOVA CAFE FDSA-CL FHFRS MSSR GRAPE (Lnp)

N=5

HR 0.0285 0.0461 0.0428 0.0663 0.0618 0.0703 0.0634 0.0681 0.0670 0.0729 0.0738
NDCG 0.0116 0.0195 0.0191 0.0298 0.0316 0.0341 0.0314 0.0327 0.0322 0.0359 0.0374
EIS↑ 87.94 81.54 82.57 105.49 102.64 112.68 103.19 107.83 106.67 100.47 95.95
NIS↑ 33.26 32.21 27.84 33.69 34.61 27.51 30.16 29.84 33.89 33.53 34.26
HMI 41.55 42.72 44.16 43.66 41.84 42.69 43.08 41.76 43.76 42.16 44.17

N-10

HR 0.0307 0.0629 0.0614 0.0984 0.1012 0.1131 0.0998 0.1107 0.1140 0.1184 0.1152
NDCG 0.0123 0.0247 0.0252 0.0401 0.0454 0.049 0.0431 0.0473 0.0489 0.0512 0.0519
EIS↑ 89.00 84.42 93.25 100.97 95.57 101.45 97.26 102.07 96.99 100.18 91.25
NIS↑ 32.16 32.52 28.13 33.23 27.10 29.71 31.91 32.46 33.79 33.97 34.77
HMI 43.72 42.84 42.23 44.52 42.32 41.26 41.59 43.81 42.70 42.86 44.19

N=20

HR 0.0433 0.0952 0.0997 0.1584 0.1416 0.1615 0.1572 0.1593 0.1539 0.1657 0.1665
NDCG 0.0155 0.0324 0.0349 0.0563 0.0557 0.0609 0.0571 0.0594 0.0581 0.0634 0.0659
EIS↑ 87.35 80.42 85.23 96.10 98.27 97.28 96.28 94.17 94.51 97.32 86.77
NIS↑ 32.96 32.11 24.10 33.28 29.50 30.58 31.85 33.28 32.67 34.15 34.56
HMI 43.17 42.37 44.21 42.50 41.82 42.03 41.72 43.81 43.24 42.65 44.30

Table 1: Performances of different methods for Top-N recommendation. The best results are bold, and the second-best are un-
derlined. A lower EIS indicates greater environmental friendliness, whereas higher NIS and HMI values denote more nutritious
and healthier food, respectively.

We also observe that as α increases, the accuracy of rec-
ommendations first rises rapidly and then begins to fluctu-
ate, with peak performance occurring at α = 0.9. These
results highlight the need to balance the model’s focus on
user preferences and item sustainability. Although making
greener recommendations contributes to higher recommen-
dation accuracy, prioritizing users’ personal preferences re-
mains paramount to the recommendation process.

Effectiveness of User Attention Matrix
In this work, we assume that users have varying preferences
and acceptance levels for sustainable items. To address this,
we design a user attention matrix P to explicitly capture
these preferences. We initialize P based on insights derived
from users’ historical interactions. To validate our assump-
tion and assess the effectiveness of our proposed initializa-
tion methods, we implement several variants of P using dif-
ferent initialization approaches:

• Fixed Pone: We replace P with frozen all-ones matrix
Pone = 1v×(n+1), indicating that there are no distinc-
tions in personal preferences among items or sustainabil-
ity indicators.

• PN + RandInit: We apply a consistent vector p ∈ R(n+1)

to populate each row of the matrix PN ∈ Rv×(n+1). p is
randomly initialized. This variant indicates that all users
share a uniform preference towards sustainability.

• PN : Similar to PN + RandInit, we apply a consistent
vector p ∈ R(n+1) to represent all users’s preferences.
We then initialize p using the average and standard de-
viation of the sustainability values from items interacted
with by all users.

• P + RandInit: We use randomly initialization for the user
attention matrix P .

• PGRAPE: This is the default setting for GRAPE.

The results are illustrated in Figure 2b. First, we observe
that Fixed Pone performs significantly worse than all other

Model HR NDCG EIS↓ NIS↑ HMI↑

GRAPE (Lpg)

0.1122 0.0513  86.30 G#32.15 #42.08
0.1129 0.0512  87.74 #32.06 G#41.93
0.1132 0.0519 G#93.26  35.13 #41.52
0.1142 0.0513 #94.22  35.72 G#44.16
0.1133 0.0521 G#88.54 #33.04  44.95
0.1138 0.0525 #93.32 G#35.22  45.26

GRAPE (Lng) 0.1152 0.0519 91.25 34.77 44.19

Table 2: Top-10 performance of GRAPE with Non-
prioritized Green Loss (Lng), and Prioritized Green Loss
(Lpg) applying different priority orders.  denotes the high-
est priority, G# denotes the second priority, and # denotes
the lowest priority. The best results for each evaluation met-
ric are bold.

variations, supporting our assumption that users have dif-
ferent preferences among items or sustainability indicators.
Moreover, when comparing the non-personalized variations,
PN + RandInit and PN , with the personalized ones, P +
RandInit and PGRAPE, we find personalized group performs
better. This suggests that users’ preferences for different at-
tributes vary from person to person. Furthermore, PGRAPE
outperforms all other variations, demonstrating the effec-
tiveness of initialization using the average and standard de-
viation of sustainability values from users’ interacted items.

Ablation Study for Prioritized Green Loss
Our prioritized green loss Lpg allows GRAPE to make
greener recommendations by prioritizing sustainability in-
dicators in a specific order. To evaluate the effectiveness of
Lpg , we experiment with various priority orders and set dif-
ferent thresholds β for the indicators within Lpg .

Table 2 displays the performances when using different
priority orders for three sustainability indicators. In line with
our expectations, the sustainability indicator assigned the
highest priority consistently achieves the best performance
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Figure 2: Ablation studies: (a) Top-10 performances of GRAPE with different hyperparameter α for the Non-prioritized Green
Loss. (b) Performances of GRAPE with different user attention matrix. (c)-(f) Performances of recommendation accuracy and
sustainability under varying βEIS and βNIS in the Prioritized Green Loss, with the priority sequence set as EIS>NIS>HMI.

within its category. Additionally, we observe that setting ei-
ther NIS or HMI as the highest priority results in relatively
high performance for the other indicator as well. This may
be due to a high correlation between the food nutritional
level and the healthy meal index.

Then we select the priority EIS>NIS>HMI and conduct
ablation study on the sustainability thresholds βEIS and
βNIS . It is important to note that a smaller βEIS or a larger
βNIS imposes stricter constraints on the corresponding sus-
tainability indicator, which is expected to yield more sus-
tainable recommendations within that category. The results
are shown in Figure 2c-2f, with each graph representing a
different evaluation metric.

As shown in Figure 2d and 2e, we observed that when the
constraints on a specific indicator are tightened, the perfor-
mances of the corresponding indicator improves generally.
Such findings demonstrate that our loss function effectively
adjusts the model’s focus across different indicators.

From Figure 2c, we observe that the recommendation ac-
curacy first increases and then decreases with the rise in ei-
ther βEIS or βNIS . This may be attributed to the model’s
tendency to focus primarily on a particular emphasized sus-

tainability indicator, which can sometimes come at the ex-
pense of overall recommendation performance. It under-
scores the necessity to strike a balance between user pref-
erences and item sustainability to optimize recommendation
effectiveness.

Conclusion
In conclusion, recommendation systems have significant po-
tential to encourage more sustainable choices among users.
However, most existing methods focus solely on recommen-
dation accuracy, often overlooking the potential impact of
recommending more sustainable items. To address this over-
sight, we introduce the Green Food Recommendation task
and propose a novel method called Green Recommender
Aligned with Personalized Eating (GRAPE). GRAPE not
only models users’ evolving preferences for items but also
their willingness to choose sustainable foods. Extensive ex-
periments demonstrate the superiority of GRAPE, show-
ing that it successfully balances recommendation accuracy
with enhanced sustainability attributes of the recommended
foods. We believe that our research lays a strong foundation
to encourage future studies in this field.
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