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ARTICLE INFO ABSTRACT

Keywords: In this paper, we present a reproducible pipeline to benchmark the trade-off between carbon emissions and
Recommender systems recommendation performance across 14 algorithms and three publicly available datasets. In particular, we
E"aluatl‘;nl contribute: (a) a standardized protocol to account for carbon emissions of recommendation algorithms; (b) an
Sustainability

empirical quantification of the carbon cost of hyperparameter tuning, and (¢) an evaluation of data-reduction
strategies as a low-cost approach to reduce emissions while improving certain non-accuracy metrics. Unlike
previous literature, which mainly focused on the trade-off between performance and emissions, our benchmark
reveals the cost of hyperparameter tuning. It examines the impact of data reduction techniques on the path
toward sustainability-aware recommender systems. Our results show that simpler algorithms often deliver
competitive accuracy at significantly lower emissions, and that exhaustive tuning can dramatically increase
carbon costs with limited accuracy gains. Generally speaking, this study aims to discuss the challenges of
energy consumption in recommender systems and to develop a new generation of algorithms that prioritize

Carbon footprint

sustainability. All code and experiment traces are publicly released for reproducibility on Github.!

1. Background and motivations

In recent years, Artificial Intelligence (AI) algorithms have emerged
as transformative tools, revolutionizing industries ranging from health-
care [1,2], finance [3-5], and the food industry [6]. However, this
unprecedented progress has come at a high cost, ie., the escalating
energy consumption associated with AI systems [7]. As these algo-
rithms become increasingly sophisticated, their demand for computa-
tional resources has grown exponentially, leading to a surge in power
consumption and environmental concerns [8-10].

The exponential rise in energy consumption by AI algorithms is
particularly relevant. Indeed, as stated in [11,12], it affects the con-
centration of greenhouse gases (GHGs) in the atmosphere, which, in
turn, significantly contributes to climate change. For example, Strubell
et al. [13] found that training recent translation engines once can
emit nearly 300 tonnes of CO,. Based on some estimation,? this is
equivalent to the yearly energy use of more than 40 houses. Ac-
cordingly, it is urgent to establish benchmarks for measuring and
mitigating the environmental impact of these algorithms [14], as em-
phasized by contributions in the area of Green AI [15]. However,
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despite the interest toward designing and implementing AI algorithms
that are more energy-efficient, [16-18], the environmental impact
of complex algorithms, such as recommender systems (RSs) [19], and
the trade-off between sustainability and their overall performance, is
generally overlooked. This is a relevant research gap, as RSs are a
data-intensive technology [20] that requires a substantial amount of
training data and considerable computation time to learn an effective
model. Moreover, the problem is further exacerbated because RSs must
be continuously retrained whenever a user provides new information
about their preferences and tastes.

Accordingly, this paper contributes to research on RSs and sustain-
ability [21], aiming to shed light on the problem of carbon emissions
and energy consumption associated with RSs. Indeed, this article in-
troduces a methodology for conducting an empirical benchmarking
of several representative recommendation algorithms by analyzing
the trade-off between their performance and carbon footprint. The
methodological framework presented in this work aligns with the
principles of some of the Sustainable Development Goals [22]. Indeed,
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benchmarking the carbon footprint of recommendation algorithms is
closely aligned with the objectives of SDG7 and SDG13, which address
clean energy and climate action, respectively.?

Generally speaking, the primary outcome of this work is that the
choice of the optimal recommendation algorithm requires a thorough
analysis, as less sophisticated algorithms remain a viable alternative for
greener recommendations, especially when parameter tuning is neces-
sary. Finally, the manuscript also demonstrated that data reduction can
increase diversity and reduce popularity bias in recommendations [23],
while maintaining low emissions. To conclude, this paper provides the
following contributions:

1. It defines a reproducible and replicable experimental protocol to
analyze carbon emissions of recommendation algorithms;

2. It analyzes the trade-off between carbon emissions and the pre-
dictive accuracy, by also investigating the impact of hyper-
parameter tuning on the overall carbon emissions of the algo-
rithms;

3. It studies the effect of data reduction strategies as a solution to
reduce the carbon emission of recommendation algorithms;

4. It sketches the take-home messages and the main limitations of
this work. This aims to foster research in the area and drive the
development of a new generation of recommendation algorithms
that also consider sustainability.

In the following, the structure of the article is presented: Section 2
introduces the related works, while Section 3 introduces an overview
of RSs; next, Section 4 introduces the strategy exploited to track and
monitor carbon emission information; Section 5 introduces the exper-
imental design and a deep discussion of the results, while Section 6
presents useful take-home messages; finally, Section 7 summarizes our
findings, and sketches future works.

2. Related work

The dichotomy between Red and Green Al was first introduced by
Schwartz in 2020 [14]. Following this work, research in this area
has rapidly expanded, as also demonstrated by the recent review on
Green Al [24], which compared several studies quantifying the energy
consumption of Al models.

One of the first attempts in this direction is due by Strubell et al.
[13], who estimated the emissions of training and fine-tuning a large
Transformer model. The recent proliferation of large language models
has paved the way for numerous studies aimed at assessing both the
effectiveness and the emissions of such algorithms [25]. Other exten-
sive benchmarks are presented in [26,27], where the authors provide
a survey of the carbon emissions associated with machine learning
models. Finally, in [28], the authors quantify the carbon emission of
state-of-the-art large language models. As regards neural networks,
this perspective has been explored by Patterson et al. [29]. Finally,
in [30] the authors estimate the carbon footprint of medical image
segmentation pipelines.

Regarding these works, the distinctive trait of this article is its
analysis of the carbon footprint of recommender systems (RSs). RSs
are a data-intensive technology that requires long training times and
substantial energy. Moreover, it is worth noting that the training pro-
cess is repeated almost every time users provide new evidence of their
preferences, further exacerbating the problem. Unfortunately, while
the problem of estimating the CO, footprint of Al algorithms has
been addressed in several recent papers [29,31], the estimation of the
CO, footprint of RSs is currently under-investigated. The only excep-
tions are [32] (of which this article represents a significant extension)
and [33], in which the authors repeated the experiments presented
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in [32] on a different recommendation framework and observed the
same findings. This article significantly extends the findings of [32]
by discussing the impact of hyperparameter tuning and investigating
whether data reduction strategies can be a suitable solution for building
recommendation algorithms with lower emissions. Indeed, these topics
are gaining increasing attention in the literature, as demonstrated by
the call to action from Beel et al. [34] to design greener recommender
systems, as well as by recent tutorials presented at major conferences
in the field [35].

Regarding the role of hyperparameter tuning, numerous publica-
tions have demonstrated that it significantly impacts energy costs.
Accordingly, some attempts initially aimed to reduce the number of
iterations required to tune the parameters [36], or to incorporate power
consumption into the optimization process [37,38]. The impact of
hyper-parameter optimization on energy consumption is also discussed
in [39]. Regarding the aforementioned work, the novelty of the current
contributions lies in their focus on recommendation algorithms. To
our knowledge, the impact of hyper-parameter tuning on the trade-
off between accuracy and efficiency of recommendation algorithms has
never been investigated.

Finally, the third hallmark of the current work is the analysis of
the impact of data reduction on carbon footprint and the accuracy
of the algorithms. In this research line, Zhang et al. [40] showed
that many neurons in deep learning models are redundant and can
be removed to reduce energy consumption. Similarly, in [41], the
authors demonstrate that discarding outdated information enhances
the mining of data streams. Other works focus on finding a trade-
off between accuracy loss and energy consumption [42]. In this case,
the novelty of the work lies again in the fact that the impact of data
reduction techniques on the trade-off between efficiency and accuracy
in recommender systems is overlooked in current research. The only
partial exception is [43], which focuses on the recommendation task
and shows that the popularity of an item in the movie domain can
be improved when only the most recent information is considered.
Similarly, in [44], the authors show how considering only the most
recent information to train a RS improves its accuracy. Regarding these
pieces of literature, this contribution conducts an extensive empirical
benchmark of several representative recommendation algorithms using
a reproducible experimental protocol.

Finally, regarding tools to quantify the carbon footprint of algo-
rithms, it is worth mentioning the Machine Learning Emissions Cal-
culator [31] and the framework introduced in [11], which aims to
estimate the carbon footprint of any computational task. Similarly,
in [45] the authors present Eco2Al, a package that tracks the energy
consumption of Al models. As discussed in more detail in the following
sections, this work uses CodeCarbon to estimate the carbon footprint
of recommendation algorithms.

Among other relevant works in this area, [46] proposes a frame-
work for estimating the CO, emissions generated by a recommender
system (RS) algorithm when executed on a given dataset and a specific
hardware platform. To this end, the authors trained several regression
models on a dataset comprising multiple runs of RS algorithms across
different datasets and hardware configurations. By leveraging informa-
tion about the dataset (e.g., number of users, items, and interactions,
sparsity, and associated knowledge), the characteristics of the rec-
ommendation algorithm, and hardware specifications, they accurately
predicted the emissions produced by each run with a small prediction
error.

Another work worth discussing is presented in [47], in which the
authors propose a Green Early-Stop (GES) Criterion. The core idea of
the GES is to track the emissions generated during the training of an
RS algorithm and stop training when the improvement in the validation
metric is too marginal to justify the increase in emissions.
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3. Basics of recommender systems

Recommender Systems [48] represent a class of Al systems that
provide users with personalized recommendations based on their past
choices and preferences [49]. The first approaches for RSs only relied
on users’ rating, and were based on the assumption that similar users
share similar interests; this approach is known as Collaborative Filtering
(CF) [50], and is typically implemented through matrix factorization
techniques [51] or, more recently, its variants based on deep learning
and neural networks [52].

In parallel, content-based RSs [53] emerged: such systems exploit
descriptive item features (e.g., based on the genre of a movie or the
topic of a news) to build item profiles; similarly, a user profile is built
based on the elicitation of users’ interest. In this way, it is possible
to provide users with recommendations by matching users’ interests
with item profiles. Both paradigms evolved, resulting in systems that
leverage both CF information and knowledge from large, external
knowledge bases; such systems are referred to as Knowledge-aware Rec-
ommender Systems (KARSs) [54]. Several KARSs have been proposed
in the literature, and most of them are based on Knowledge Graphs
(KGs) [55,56] that encode side-information related to the items; other
KARS:s exploit not only KGs, but also other knowledge sources [57,58].

In this work, we benchmarked 14 recommendation algorithms that
represent the paradigms currently at the state of the art. In particular,
we included general recommendation models, algorithms that utilize
deep learning techniques, graph-based methods, and recent knowledge-
aware algorithms. The selected models are listed below, along with a
brief description of the algorithm. For the sake of completeness, it is
worth emphasizing that we have limited the analysis to the models
implemented in the recommendation library RecBole [59,60].* This
guarantees a replicable and reproducible experiment, as suggested
in [61]. Extension to further algorithms will be carried out as future
work. The list of the recommendation algorithms follows:

» General recommendation models:

- Bayesian Personalized Ranking (BPR) [62]: a recommen-
dation model based on Bayesian statistics and optimized for
the top-k ranking task.

— ItemKNN [63]: a recommendation model that exploits
neighbors and similarity measure to provide top-k recom-
mendations.

— Large-scale Information Network Embedding (LINE)
[64]: a recommendation model suitable for large datasets,
that efficiently learns embeddings to provide users with
recommendations.

* Deep learning-based models:

— Deep Matrix Factorization (DMF) [52]: a matrix factori-
zation-based recommendation model implemented through
deep neural networks.

- Variational Autoencoders for CF (MultiDAE) [65]: a mo-
del that adapts the use of variational autoencoders to the
recommendation in a CF scenario.

+ Graph-based models:

— Spectral CF [66]: a CF recommendation model that tackles
the cold-start problem by performing convolutions on the
spectral domain, to find more connections between users
and items.

— Neural Graph Collaborative Filtering (NGCF) [67]: a rec-
ommendation model which learns user and item embed-
dings and injects CF signals in the learnt embeddings.

4 https://recbole.io/
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- Disentangled Graph Collaborative Filtering (DGCF) [68]:
a recommendation model able to distinguish the various
user intents when interacting with items. In particular,
DGCF learns intent-specific embeddings via disentangled
message passing, combined with a correlation regulariza-
tion loss, and then combines them to provide users with
recommendations.

— LightGCN [69]: a Graph Convolutional Network (GCN) [70]
that learns user and item embeddings (starting from a CF
graph) by performing node aggregation through the mean
operator, resulting in an efficient yet effective recommen-
dation model.

» Knowledge-aware models:

— Collaborative Knowledge Base Embeddings (CKE) [57]:
a recommendation model that learns heterogeneous embed-
dings from different knowledge bases.

- Collaborative Filtering over Knowledge Graphs for ex-
plainable recommendation (CFKG) [55]: a recommenda-
tion model that exploits knowledge graphs to learn item
embeddings that encode external knowledge, and provide
recommendations;

— Knowledge Graph Convolution Networks (KGCN) [56]:
a recommendation model that exploits GCNs to learn item
similarity starting from a knowledge graph and the at-
tributes it encodes, learning item embeddings by combining
the relevant attributes for a given node;

- Knowledge-aware Graph Neural Networks with Label
Smoothness Regularization (KGNN-LS) [71]: a recom-
mendation model that exploits knowledge graph relations
to build several user-specific weighted graphs and then
learns user-specific item embeddings through GCNs with
label smoothness regularization. Regularization is used in
the loss function to enforce similar representations for se-
mantically close entities.

- RippleNet [72]: a recommendation model that uses knowl-
edge graphs as a source of external knowledge; it propagates
user preferences in items over the knowledge graph entities
to extend the set of potential interests of users.

4. Tracking carbon emissions and energy consumption

Nowadays, many organizations and governments use the carbon
dioxide equivalent® (or CO, equivalent, abbreviated as CO,-eq) as a
standard metric to track the emissions of various greenhouse gases.
Given an algorithm a, a state-of-the-art method [73] to compute or
estimate the CO,-eq is based on the combination of the values of
Carbon Intensity (CI) and Power Consumed (PC). Formally:

emissions(a) = CI - PC [kg/kWh kWh = kg] (€8]

The Carbon Intensity (CI) of the electricity consumed is calculated
by combining the emissions from the various sources that generate
it. Of course, both fossil and renewable sources have specific carbon
intensities (i.e., known amounts of carbon dioxide emitted).

The values of CI generally depend on the energy mix used for
computation, with each source having its own CO2 emissions. Indeed,
the overall CI of an energy mix is commonly computed as a weighted
average of the emissions of each energy source in the mix. Formally,
let S be an energy mix, composed of s energy sources denoted as eg;

5 https://ec.europa.eu/eurostat/statistics-explained/index.php?title=
Glossary:Carbon_dioxide_equivalent


https://recbole.io/
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Glossary:Carbon_dioxide_equivalent
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Glossary:Carbon_dioxide_equivalent

G. Spillo et al.

each source e, is present with a percentage of p, in the mixture; then,
the Carbon Intensity CI of the mix is computed as follows:

CI=ZeS-pS 2)

SES

However, since each different countries use different energy source
mixtures, they have different carbon intensities; just to give some
examples® [74], in 2022 Italy used a mixture composed of 8% of coal,
51% of gas, 2% of oil, 11% of hydroelectric, 7% of wind, 10% of
solar, 6% of bio energy, and the rest is represented by other renewable
sources (including geothermal, tidal and wave generation); in the same
year, United Kingdom, on the other hand, used a mixture composed
of 1.5% of coal, 38% of gas, 4% of oil, 15% of nuclear, 1.5% of
hydroelectric, 25% of wind, 4% of solar, 11% of bio-energy; Since
all these mixtures are different, CI for Italy and CI for UK in 2022
were different: we have 261 g of CO,-eq per kilowatt-hour in UK, and
373 g of CO,-eq per kilowatt-hour for Italy. This kind of analysis is
not trivial, as it motivates big companies to deploy their data centers
in specific countries [75], since the location where computation occurs
significantly influences the overall carbon footprint.

In our case, to provide a fair, independent comparison, we used the
world average as a reference mixture. The amount of emissions based
on the world average mixture is about 475 g of CO,-eq per kilowatt-
hour. Next, regarding Power Consumption (PC), it reflects the total
energy required and consumed by the hardware throughout the entire
computation. It can be obtained by exploiting low-level libraries that
track CPU, GPU, and other component usage (including RAM). For this
paper, we have tracked the PC every 15 s and obtained an aggregated
energy consumption result at the end of the computation. Currently
several available tools can estimate or measure the CO,-eq values of
Al algorithms (and, more in general, any computation) by estimating
CI and PC values; for this paper, our choice fall on CodeCarbon,” since
it measures the energy consumption, resulting in a more precise and
reliable tracking, while other tools (such as, ML CO, Impact®) just
estimate it.

5. Experimental evaluation

To answer our research questions (RQs), a large benchmark of the
recommendation models we previously presented was conducted. In
particular, through the experiments, we aimed to answer the following
RQs:

* RQ1 - Accuracy vs Sustainability: Is there any trade-off between
the performance and the carbon emissions of the main recommenda-
tion algorithms?

* RQ2 - Tuning of Hyper-Parameters: What is the impact of hyper-
parameter tuning on the trade-off between carbon footprint and per-
formance of the algorithms?

» RQ3 - Data Reduction: Is data reduction a good solution to trade-off
emissions and performance of recommendation algorithms?

The high-level workflow we followed to answer our RQs is depicted in
Fig. 1, and the methodology flowchart is shown in Fig. 2. To answer
RQ1, we ran all algorithms with their optimal hyperparameters and
assessed the trade-off between emissions and performance. To this end,
for each recommendation model, we fed the algorithm with the training
data. Next, we trained the model and collected the recommendations
by also tracking CO, emissions. Next, to answer RQ2, we repeated the
aforementioned protocol for all parameter combinations available for
each algorithm, and also included in our analyses the overall amount

6 https://ourworldindata.org/electricity-mix
7 https://mlco2.github.io/codecarbon/
8 https://mlco2.github.io/impact/
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Table 1
Statistics of the Datasets.
AmMAZON-BoOKs MovieLens1M Mnp

USERs 22,155 6036 23,679
ItEMS 54,458 3192 4414
INTERACTIONS 1,465,871 757,451 1,048,575
SPARSITY 99.88% 96.07% 98.99%
INTERACTIONS/USERS 66.16 125.49 44.28
INTERACTIONS/ITEMS 26.92 237.3 237.56
KG ENTITES 26,316 20,454
KG RELATIONS 18 13 .
KG Truriss 96,476 70,668 no data available
Items IN THE KG 10,878 2823

of CO,-eq emissions required to find the optimal combination of pa-
rameters. Finally, to answer RQ3, we split the original dataset into
5 equal-sized folds. Then, we run the experiments by feeding the
algorithms only the first fold. Next, we added one fold at a time
(starting with 20% of the data, then 40%, and so on) until the complete
dataset was obtained. In this case, we compared both emissions and
performance by varying the number of folds. Further details regarding
all the experimental settings are provided next.

5.1. Experimental design

Datasets. To run our analysis, we exploited three state-of-the-art
datasets in the area of movies, books, and news recommendations. In
particular, we run our benchmarks on Movielens-1M, Amazon-Books,
and Mind. The choice of three domains was made to ensure good
generalizability of the results. Moreover, to ensure a replicable and
reproducible evaluation protocol, each dataset has been uploaded to
our repository.” Table 1 presents the statistics about Movielens-1M,
Amazon-Books, and Mind. It is worth noting that knowledge features
are not available in Mind, so knowledge-aware algorithms are not run
on this data. To carry out the experiments, we initially split the datasets
into train, validation, and test (80%, 10%, 10%). To obtain the splits,
we relied on the splitting strategy implemented in RecBole. This ensures
that each experiment uses the same splits.

Recommendation Algorithms. In this work, we used the RecBole
implementation of each recommendation algorithm and limited our
selection to those available in the library. In total, we evaluated 14
different recommendation algorithms (three general recommendation
models, two deep learning models, four graph-based models, and five
knowledge-aware models). The list has been previously discussed in
Section 3. Clearly, the protocol can be easily replicated (and extended)
with a different framework. To train our models, we exploited a system
based on Ubuntu (version 20.04), equipped with an Intel i7 (3.40 GHz
CPU) and a Titan X (12 GB) as GPU. The number of epochs was set to
a fixed value (50 epochs for MovieLens, 20 epochs for Amazon Books,
and 50 epochs for Mind). Epochs were set based on numbers chosen
through convergence analysis, not arbitrarily.

Recommendation Performance. Evaluation metrics are calculated
by using RecBole,'” as well. We run our analysis by considering all
the principal recommendation metrics. For simplicity, we present the
results in terms of Recall, NDCG (the higher, the better), average pop-
ularity, and Gini Index (the lower, the better). This allows us to assess
the accuracy, ranking, popularity bias, and diversity of the recommen-
dations. In our repository, we have uploaded all the results, including
other relevant metrics.

9 https://github.com/swapUniba/RecSysCarbonFootprint
10 https://recbole.io/docs/recbole/recbole.evaluator.metrics.html#module-
recbole.evaluator.metrics
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Fig. 2. Flowchart of the proposed methodology.

Hyperparameter Tuning. To answer RQ1 and RQ2, we designed a
protocol for hyper-parameter tuning based on the iteration of several
runs for each algorithm. In this case, we defined a set of suitable
parameter values for each recommendation model. We adopted grid
search to exhaustively explore the hyperparameter space and provide
a comprehensive benchmark, rather than focusing on an optimized or
energy-efficient search strategy. The complete list of parameters we
considered for each algorithm is reported in Tables 2 and 3. Based on
this list, we run each algorithm several times. The differences in the
total number of runs reported in the tables stem from the heterogeneity
of hyperparameter spaces across algorithms. Models with more tunable
components (e.g., KGCN, CKE) naturally generate larger grid searches,
while simpler models (e.g., BPR, DMF) require fewer combinations. In
some cases, algorithms have similar run counts because of comparable
parameterizations in RecBole, even though they belong to different
families. These variations highlight the trade-off between model com-
plexity, tuning flexibility, and associated carbon costs. Next, to answer
RQ1, we selected the best-performing run (along with its emissions).
To answer RQ2, we quantified the algorithm’s emissions as the total
emissions obtained by summing those from all runs. Additionally, for
RQ2, we considered the best value obtained for each metric. The total
number of runs is also presented in Table 3. It is worth noting that
two of the models, i.e., DGCF and RippleNet, were excluded from
these analyses. Our decision was based on sustainability considerations.
Indeed, in preliminary experiments, both models already exhibited sub-
stantially higher carbon emissions than other algorithms, even without
parameter tuning. Running exhaustive hyperparameter searches for
these models would have further inflated emissions by several orders
of magnitude, while offering little additional insight into the trade-offs,
as the results consistently favored simpler alternatives.

Measuring Carbon Footprint. As previously stated, to track the emis-
sion and the carbon footprint of the recommendation models, we
used the Python library CodeCarbon; moreover, we used the world

average value of Carbon Intensity.!! In our experiments, we have
consistently used the same hardware, which has been dedicated solely
to conducting these experiments, with no additional workload im-
posed on the hardware. Power consumption (PC) was estimated using
CodeCarbon’s internal monitoring pipeline, which measures energy
consumption across hardware by using specialized tools for each com-
ponent and platform. It tracks GPU usage via the pynvml library,
monitors CPU energy through Intel RAPL on Linux, Intel Power Gadget
on older macOS and Windows systems, and powermetrics on Apple
Silicon. RAM usage is estimated based on the number and type of mem-
ory modules. When direct measurements are not possible, CodeCarbon
estimates CPU energy use from processor TDP values and CPU load
data. No manual adjustments were applied, ensuring reproducibility
across systems with identical configurations. More details about how
CodeCarbon tracks the energy consumption can be found in the official
documentation.'? Additionally, we set CodeCarbon to track the single
process that affects emissions, rather than the entire machine.'® This
is also true for other aspects, including the cooling overhead, since we
used the same hardware and cooling fan; this factor can be normalized
in our experimental setting without affecting the reliability and compa-
rability of the results. All the values we reported are presented in grams
(®.

To answer our RQs, we measured the carbon footprint of a rec-
ommendation algorithm r. To answer RQ1 and RQ3, we considered
the emissions of the best-performing run, as calculated in Formula (1).

11 https://www.iea.org/reports/global-energy-co2-status-report-2019/
emissions

12 https://mlco2.github.io/codecarbon/methodology.html

13 see the tracking mode parameter: https://mlco2.github.io/codecarbon/
parameters.html.
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Table 2 Table 3
List of hyper-parameter values set for the grid search (part 1). List of hyperparameter values set for the grid search (part 2).
Model Parameters Total runs Model Parameters Total runs
General Recommendation Models Graph-based Recommendation Models
BPR embedding size: [32, 64, 128], 27 SpectralCF embedding size: [32, 64, 128], 108
epochs: [10, 50, 100], reg weight: [0.01, 0.003],
learning rate: [0.01, 0.001, 0.0001] n layers: [1, 2],
TtemKNN k: [10, 50, 100, 200, 250, 300, 400, 500, 162 epochs: [10, 50, 100],
1000] learning rate: [0.01, 0.001, 0.0001]
shrink: [0.0, 1.0], NGCF embedding size: [32, 64, 128], 216
epochs: [10, 50, 100], hidden_size list: [[64, 64, 64], [128, 128,
learning rate: [0.01, 0.001, 0.0001] 128], [256, 256, 256], [512, 512, 512]],
LINE embedding size: [32, 64, 128], 162 node_dropout: [0.0, 0.1, 0.2],

order: [1, 2],

second_order loss_weight: [0.3, 0.6, 1],
epochs: [10, 50, 100],

learning rate: [0.01, 0.001, 0.0001]

Deep Learning Models

DMF user_layers_dim: [[64,64],[64,32],[128,6411, 81
item_layers_dim: [[64,64],[64,32],[128,64]],

epochs: [10, 50, 100],
learning rate: [0.01, 0.001, 0.0001]

MultiDAE latent_dimension: [32, 64, 128], 162
mlp_hidden_size: [[100], [300],
[6001]1,

dropout prob: [0.0, 0.5],
epochs: [10, 50, 100],
learning rate: [0.01, 0.001, 0.0001]

Conversely, for RQ2, we calculated emissions as the sum across all n
runs of the algorithm r. Formally:
n
total Emissions(r) = Z emissions(r;) 3)
i=1
where r; represents the CO, — eq emitted by the ith run of the al-
gorithm r, and n is the total number of runs required to tune the
hyperparameters (see Tables 2 and 3).
Data Reduction Protocol. As previously stated, to answer RQ3 we
apply data reduction. In particular, we randomly split the training data
into n = 5 non-overlapping subsets (folds). Then, we trained the models
with gradually larger training sets. This is done by starting with one of
the subsets (20% of the training data), then merging it with the second
(40% of the training data), and so on, until the complete dataset is
obtained again.

5.2. Discussion of the results - RQ1: Accuracy vs sustainability

First, we analyzed the trade-off between model performance and
carbon emissions. The results, calculated for all the datasets, are pre-
sented in Figs. 3 (Mind), 4 (MovieLens), and 5 (Amazon).

As regards Mind datasets, ItemKNN has the lowest carbon footprint
(0.45 g) while NGCF has the highest value (around 89 g). Regarding
performance, MultiDAE (emitting 23 g) achieved the best overall recall
and NDCG. Accordingly, it seems that the use of complex learning
mechanisms, as implemented in MultiDAE, leads to an improvement
in the accuracy of recommendations, at the cost of an approximately
50x increase in emissions w.r.t. simpler models such as ItemKNN.

Another interesting outcome of the experiment is that high-emissions
models such as SpectralCF (emitting 78 g of CO,-eq) do not support
their computational demands with an equivalent increase in perfor-
mance. On the contrary, a different behavior emerged when non-
accuracy metrics are taken into account. Indeed, the increase in CO,
Emissions may justify SpectralCF and LINE based on the Gini Index,
whose scores are significantly lower than those of the other algorithms
we considered. Conversely, the analysis of average popularity shows
that an algorithm with lower emissions, such as LINE, again produces

message_dropout: [0.0, 0.1, 0.2, 0.3],
reg weight: [1e-5, le-2],

delay: [le-5, le—4, 1e-3, le-2, le-1],
epochs: [10, 50, 100],

learning rate: [0.01, 0.001, 0.0001]

embedding size: [32, 64, 128], 216
nlayers: [1, 2, 3, 4],

reg weight: [1e—05, 1e-02],

epochs: [10, 50, 100],

learning rate: [0.01, 0.001, 0.0001]

LightGCN

Knowledge-aware Recommendation Models

CKE embedding size: [32, 64, 128], 243
kg_embedding size: [32, 64, 128],
reg weights: [[0.1, 0.11, [0.01, 0.01], [0.001,
0.00111,
epochs: [10, 50, 100],
learning rate: [0.01, 0.001, 0.0001]

CFKG embedding size: [32, 64, 128], 162
loss_function: [inner_product, transe],
margin: [0.5, 1.0, 2.0],
epochs: [10, 50, 100],
learning rate: [0.01, 0.001, 0.0001]

KGCN embedding size: [32, 64, 128], 324
aggregator: [sum, concat],
reg weight: [1e-7],
neighbor_sample_size: [2, 3, 4],
n_iter: [1, 2],
epochs: [10, 50, 100],
learning rate: [0.01, 0.001, 0.0001]

embedding size: [32, 64, 128], 162
aggregator: [sum, neighbor, concat],

reg weight: [1e-5, le-7],

neighbor_sample_size: [4],

n_iter: [1],

Is weight: [0.5],

epochs: [10, 50, 100],

learning rate: [0.01, 0.001, 0.0001]

KGNN-LS

results better than those of high-emissions algorithms, such as BPR and
DMF. Clearly, it is worth emphasizing again that all the results are
obtained by considering the best parameters.'* However, it is important
to stress that adopting parameter tuning procedures, i.e., grid search,
entails multiple algorithm runs, which in turn further increase overall
carbon emissions.

Next, we analyze the results obtained for MovieLens data. Sim-
ple models have very low emissions (0.31 g of CO, equivalent for
ItemKNN, 3.25 for BPR), while complex models have a close carbon
footprint (44 g for DGCF) to the one we obtained on Mind data. The
first relevant outcome of this dataset is that models in the knowledge-
aware family exhibit a large amount of carbon emissions (40 g for
LightGCN). Unfortunately, such a demand is only partially supported
by their performance, as models with lower emissions, such as Multi-
DAE and CFKG, obtain better results. Next, the analysis of the NDCG

14 The amount of emissions is based only on the analysis of the best run.
The role of tuning will be investigated in RQ2.
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Fig. 3. Comparison between carbon emissions (X-axis) and performance (Y-axis) on Mind data. For Recall, NDCG, the higher, the better, while for Average
Popularity and Gini index metrics, the lower, the better. X-axis values report the emissions of the best-performing run of a specific algorithm. Y-axis reports the emissions

in a log-10 scale.

yields findings consistent with those obtained for the Mind dataset,
as CFKG justifies the increase in carbon footprint with an equivalent
improvement in ranking precision. Similar results were also obtained
for MultiDAE and LightGCN. Finally, regarding non-accuracy metrics,
results generally show that higher-emissions approaches such as CFKG
and LightGCN tend to reduce popularity bias and increase diversity.
However, results clearly show that methods such as LINE generally
offer the best trade-off, as they achieve a relatively low carbon footprint
(just 1.4 g of CO,-eq).

Finally, as regards Amazon Books, the lowest emissions were ob-
tained with ItemKNN (0.65 g), while the highest carbon footprint was
observed with NGCF (261 kg of CO, equivalent). Different from what
emerged in the previous analyses, here ItemKNN provides the best
trade-off between carbon emissions and ranking accuracy, as shown
by NDCG results. Conversely, algorithms with higher emissions, such
as CKE and CFKG, justify their increased emissions with an equiva-
lent increase in predictive accuracy (as shown by the Recall). Next,
knowledge-aware algorithms such as SpectralCF do not justify their
computational requirements by delivering comparable performance.
RQ1 - Take-Home Messages: To sum up, we can answer the first
research question by clearly stating that the choice of the recommenda-
tion algorithm having the optimal trade-off between performance and
carbon emissions is not trivial. Indeed, ItemKNN emerged as the best
option in terms of the trade-off between emissions and recall across
all settings. Other algorithms, such as MultiDAE, yield good results on
Mind and MovieLens, but with a notable increase in terms of emissions

that must be carefully analyzed and considered when selecting the
algorithm. Moreover, algorithms such as LINE provide a good com-
promise between non-accuracy metrics and emissions. This may be
important for identifying the most suitable algorithm in settings where
non-accuracy metrics must be prioritized. Finally, a key observation
from our benchmark is the systematic underperformance of knowledge-
aware methods in terms of sustainability. These models, by design, rely
on external knowledge graphs, which significantly increase training
time and energy consumption. Although such complexity can lead to
improvements in specific scenarios, our results show that proportional
gains rarely offset the carbon costs of improved predictive performance.
This highlights a structural trade-off: while knowledge-aware recom-
menders offer richer modeling capacity, their computational overhead
raises concerns about sustainable deployment, particularly in industrial
settings where efficiency and scalability are critical.

5.3. Discussion of the results - RQ2: Hyper-parameter tuning

Next, to answer RQ2, we followed the protocol previously presented
and ran hyperparameter tuning across all recommendation models,
varying the parameters listed in Tables 2 and 3.

As previously stated, in this part of the experiment, the algorithm’s
emissions are calculated as the sum of emissions from each run. For
each metric, we considered the best value across all runs (as in RQ1).
Of course, the goal of the experiment is to quantify how the search for
the optimal hyperparameter combination affects the trade-off between
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Fig. 4. Comparison between carbon emissions (X-axis) and performance (Y-axis) on MovieLens data. For Recall and NDCG, the higher, the better; for Average
Popularity and Gini index metrics, the lower, the better. X-axis values report the emissions of the best-performing run of a specific algorithm. Y-axis reports the emissions

in a log-10 scale.

emissions and performance. Results are presented in Figs. 6, 7 and
8. Generally speaking, the results are in line with expectations: all
datasets show that the search for optimal hyperparameters significantly
increases the algorithms’ overall emissions; however, this increase is
not offset by an equally significant improvement in performance. For
example, for Recall, MultiDAE now emerges as the best-performing
algorithm, with a 14.6% increase (from 0.6241 to 0.7169). However,
this comes at the cost of an exponential increase in emissions, rising
from 5.9 g (with default parameters) to almost 7000 (equivalent to 7
kilos, by summing all the runs). Similar findings hold for LightGCN.
Overall, less sophisticated algorithms such as BPR emerge as suitable
alternatives, achieving a 28.59% increase in performance at the cost
of 260 g of emissions, which is 35 times lower than NGCF. Finally,
the use of hyperparameter tuning for very simple algorithms, such
as ItemKNN, must be carefully considered. Indeed, in this case, the
increase in performance is relatively small (from 0.6456 to 0.6481),
while the emissions are considerably higher (from 2 g to 170 g).

Next, by extending the analysis to other datasets, i.e., ML1M, it is
possible to study the impact of hyper-parameter tuning on knowledge-
aware methods such as CKE. In this case, the introduction of knowledge
features led to a 28.68% increase in recall; however, emissions in-
creased to 1600 g (from 2.5 g) exponentially. Based on these data, Mul-
tiDAE emerged again as the algorithm that offers the best compromise
between performance and emissions, alongside CFKG.

All the issues that characterize hyperparameter tuning clearly eme-
rge from analyzing Amazon results. In this case, algorithms such as

NGCF, KGCN, and LightGCN emit a substantial amount of CO,-eq (be-
tween 14 and 16 kilos'®). However, their performance still significantly
lags behind that of algorithms such as ItemKNN. Overall, methods such
as CKE and CFKG emerged again as the strategies that offer the best
compromise between increased performance and reduced emissions.

RQ2 - Take-Home Messages: To sum up, all these findings showed
that the common practice of tuning hyperparameters to optimize the
performance of the algorithms has to be carefully considered. Indeed,
in many settings, the increase in performance is not justified by the
massive amount of emissions required to find the best-performing con-
figuration of the algorithm. Conversely, less sophisticated algorithms
typically offer a better compromise, as they allow for a better trade-off.

5.4. Discussion of the results - RQ3: Data reduction

To answer RQ3, we plotted (Figs. 9(a), 9(b) and 9(c), for ML1M,
Amazon-Books and Mind, respectively) the trends of the emissions of
CO,-eq on the varying of the different data reduction settings (i.e.,
with different training data). As shown in the figures, we can observe
that the trends are similar, with DGCF, RippleNet and NGCF being the
models emitting the most quantity of CO,-eq for both the datasets,
regardless of the amount of training data. From a quantitative per-
spective, the experiment demonstrated that data reduction significantly

15 For the sake of readability, we preferred to use kilos instead of grams.
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impacts model emissions. For example, DGCF algorithm on Amazon-
Books emits about 125 g of CO,-eq when trained on the 20% of the
training data, and almost 3000 g of CO,-eq when trained on the whole
dataset (more than 20x increase). On the contrary, DMF emits 70 g of
CO,-eq when trained on the entire dataset, and only 15 g when trained
on 20% of the available data (a more than fourfold increase). Given
these results, we grouped the models into two clusters: sustainable and
not sustainable. To assign a model to a specific cluster, we calculated
the decrease in CO,-eq by reducing the amount of training data to 20%.
The first group consists of models that emit more CO,-eq (DGCF, NGCF,
LightGCN), and the second comprises more sustainable models (the
remaining ones). The clusters will be used and treated differently to
answer the research question, as we have obviously focused on models
with higher emissions.

Next, we considered the impact of data reduction on recommen-
dation metrics; results are plotted in Figs. 10, 11, and 12, for ML1M,
Amazon-Books, and Mind, respectively. For the less sustainable models,
we plotted the metrics at varying data reduction levels. For the more
sustainable options, we only considered performance and emissions
when the entire dataset was included. This choice was made because
the amount of CO,-eq emitted by sustainable models is significantly
lower than that of less sustainable ones, so it is not necessary to apply
data reduction to these algorithms.

As expected, data reduction reduces the accuracy of the models.
Of course, the more the data is reduced, the greater the decrease in

performance. For example, on Amazon-Books, the recall of LightGCN
decreases from 0.53 (with no data reduction) to 0.18, even though
the emissions significantly drop. Similarly, emissions of DGCF decrease
noticeably, but the recall decreases from 0.47 to 0.12, and similar
outcomes emerge from ML1M. Of course, in most cases, a substantial
decrease in accuracy is obtained. This is not surprising, as reducing
the training data makes the recommendation task more challenging.
However, in some settings, we observed that data reduction can make
a non-sustainable algorithm, such as LightGCN, perform more sustain-
ably, akin to CKE. Indeed, when LightGCN is trained on 60% of the
Amazon books data, both recall and emissions are very close, with a
decrease in data storage requirements following data reduction.

On the other hand, much more interesting outcomes emerge when
non-accuracy metrics (Gini index and popularity) are analyzed. Indeed,
in this case, the decrease in emissions resulting from the reduction of
training data also leads to an increase in diversity and a decrease in the
average popularity of the recommendations (i.e., less popularity bias).
This is an exciting outcome, showing that data reduction improves non-
accuracy metrics as a noteworthy side effect. For example, on the ML1M
dataset, both the Gini Index and Average Popularity improve notably.
With 80% of the training data, Gini increases by 0.5% and popularity
decreases by 20%. These effects grow as training data decreases: at
60%, Gini rises by 5% and popularity drops by 57%; at 20%, by 8%
and 77%, respectively. Similar trends appear on AmazonBooks: with
80% of data, Gini improves by 1.3% and popularity decreases by 17%;
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with 60%, by 2.8% and 35%; and with 20%, by 6% and 74%. On the
Mind dataset, popularity decreases by 32% and 77% with 60% and 20%
of training data, respectively, while Gini Index improves modestly by
0.3% and 1.2%. Accordingly, we can state that data reduction led to
an expected decrease in accuracy and to an unexpected (but essential)
increase in diversity and a decrease in popularity bias.

RQ3 - Take-Home Messages: Results show that all the algorithms pro-
vide a significant decrease in both emissions and accuracy, balanced by
a substantial increase in terms of non-accuracy metrics. These findings
can be very interesting for developing a new generation of multi-
objective recommender systems [76] that also consider sustainability.
For example, a company that wants to focus on recommending less
popular items or providing more diverse recommendations might train
the models using just a few training data points. From this perspective,
this guarantees the best performance and very low CO,-eq emissions.
On the other hand, if a company needs to increase the accuracy of
its recommendations, it needs more data, and a lighter data reduction
might be the best trade-off.

6. Discussion and limitations

Overall, there is global concern about sustainability and how AI
(and RSs) algorithms impact overall emissions. Our paper allows us to
shed light on this problem, and our analyses related to the trade-off
between emission and performance, to the role of hyper-parameter tun-
ing, and to the impact of data reduction, provide the community with a
valuable outcome that can increase awareness and clarify the potential
role of recommendation technologies in supporting sustainability goals.
In our vision, there is an urgent need for sustainability-aware imple-
mentations, and our contribution provides researchers and practitioners

11

with findings and take-home messages that have not been discussed
previously.

From an applied perspective, our results suggest that the choice
between less sophisticated and state-of-the-art algorithms should not
be viewed as absolute, but rather as context-dependent. When energy
budgets are limited or when sustainability goals are prioritized, simpler
models such as ItemKNN or LINE often deliver a better balance between
emissions and accuracy. Conversely, in mission-critical applications
where accuracy outweighs sustainability concerns, advanced models
may remain the preferred choice. Nonetheless, even in these cases,
strategies such as reducing the number of hyperparameter tuning it-
erations or adopting data reduction can help mitigate energy costs. In
practice, industry practitioners may consider hybrid pipelines where
lightweight models serve standard workloads, while advanced models
are selectively applied in scenarios that demand maximum predictive
accuracy. This dual approach enhances sustainability without com-
pletely sacrificing performance. Moreover, our findings suggest that
environmental objectives and social aspects are not in conflict but can
often be jointly optimized. Data reduction, while lowering emissions,
also reduced popularity bias and increased diversity, leading to fairer
recommendation outcomes. This suggests that energy-efficient strate-
gies may simultaneously promote social sustainability goals such as
inclusivity and equity. Thus, future work should explicitly model these
objectives together in multi-objective recommendation frameworks.

To conclude our analysis, we can identify the study’s limitations and
summarize the main findings of our benchmark.

+ Carefully Choose Your Algorithm: Simpler algorithms generally
obtain satisfying performance by emitting just a few CO,-eq in
comparison to more complex models. Accordingly, the choice of
the best recommendation model has to be carefully considered.
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» Geographical Impact on Computation: Our analyses showed
the importance of computation location. While our study uses
global average Carbon Intensity values for fairness, the choice
of computation site can substantially affect emissions. For ex-
ample, we have trained DGCF on AmazonBooks in Finland and
Singapore, revealing a 37.8% gap in terms of emissions (23 kg
in Finland, 37 kg in Singapore!®). Accordingly, opting for areas
with lower Carbon Intensity can enable the use of more advanced
algorithms with comparable emissions.

Data Reduction Can Be a Solution: Reducing the amount of
data can lower energy consumption. Of course, this impacts per-
formance metrics, so it is fundamental to balance data reduction
with constraints and goals to align with company objectives and

16 Regarding the nation-wise carbon intensity values, they are based on
International Energy Agency (IEA) data, which report average grid carbon
intensity (g CO,/kWh) for each country or region.
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sustainability goals. This is in line with the outcomes of similar
studies [77], comparing different data reduction strategies for
recommendation tasks.

Social Impact of Data Reduction: Reduced data sets can mit-
igate biases and enhance diversity, promoting social considera-
tions within recommender system outcomes. This aligns with so-
cial sustainability goals, addressing gender equality and reduced
inequalities.

Evaluation at Scale is Needed: The highest values for car-
bon emissions are relatively low. For example, by also consider-
ing daily retraining of the algorithm with the highest emissions
(NGCF on Amazon-Books), the overall emissions are 5.8 tonnes
CO, —eq (16 kg x 365), which is about 1/4 of BLOOM and still <
2% of GPT-3. Accordingly, larger-scale evaluations are necessary
for comprehensive insights. At scale, more significant differences
in carbon footprint among algorithms may become even more
pronounced, potentially exerting a greater environmental impact.
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Fig. 10. ML1M Dataset. Trade-off between recommendation metrics (X-axis) and grams of CO, emissions (Y-axis). The number of epochs was kept constant
when reducing the dataset size. Y-axis values report the emissions obtained by a single run of the algorithm in the different data-reduction settings, on a log-10 scale.

» Design Multi-objective Approaches: Achieving balance across
sustainability pillars demands multi-objective approaches. Bal-
ancing business objectives with sustainability goals requires care-
ful selection of algorithms and data to optimize fairness-related
metrics, emissions, and accuracy, suggesting avenues for devel-
oping novel multi-objective recommendation algorithms [78].
Definition of a Solid Protocol: While all these findings emerged
from an analysis focusing on recommendation algorithms, it is
essential to point out that the experimental protocol is general
enough to apply the same methodology and the same principles
to other data-intensive Al algorithms, to extend the findings to
different Al areas and Al applications.

7. Conclusions

In this paper, we discuss the results of an extensive benchmark that
investigates the trade-off between performance and carbon emissions of
state-of-the-art recommender systems. Beyond the empirical results, our
main contribution is the proposal of a sustainability-aware benchmark-
ing methodology that integrates emissions tracking into reproducible
RS evaluation protocols. This methodological framework can serve as
a reference for future studies in the field.
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Generally speaking, our experiments showed that less sophisticated
algorithms, such as ItemKNN, still represent a viable alternative for im-
plementing greener recommendation algorithms (—50x lower emissions
than more recent implementations, with comparable accuracy). More-
over, we showed that hyperparameter tuning dramatically increased
the emissions (up to 1000x) with an increase of performance that does
not support that choice (between 10%-15% in most of the compar-
isons). Finally, we discussed the impact of data reduction techniques,
which emerged as a suitable solution to reduce both popularity bias
and emissions, thereby simultaneously decreasing carbon emissions.

These insights carry broader implications for RS design: future sys-
tems should adopt multi-objective approaches that balance accuracy,
fairness-related metrics, and carbon emissions, paving the way for algo-
rithms that are environmentally efficient and socially responsible. For
practitioners, our results suggest that careful algorithm selection and
lightweight training strategies can align recommendation performance
with organizational sustainability goals.

As future work, we will extend our benchmark to consider differ-
ent algorithms and machines. Moreover, we will move toward multi-
objective recommendation by designing new approaches that simulta-
neously account for sustainability and accuracy.
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Fig. 11. Amazon-Books Dataset. Trade-off between recommendation metrics (X-axis) and grams of CO, emissions (Y-axis). The number of epochs was kept
constant when reducing the dataset size. Y-axis values report the emissions obtained from a single run of the algorithm across different data-reduction settings, on a
log-10 scale.
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