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Abstract
With the growing focus on Green AI, there is an urgent need for
algorithms that are designed to minimize their environmental im-
pact while maintaining satisfying performance. In this paper, we
introduce a novel early stopping strategy that considers carbon foot-
print data while training a recommendation algorithm. In particular,
during the training phase, our criterion epoch-by-epoch analyzes
the improvement in terms of predictive accuracy and compares it
to the increase in carbon emissions. Then, we analyze the trade-off
between the scores, and when the accuracy improves at a rate that
is not favorable, the training is stopped.

In the experimental evaluation, we showed that our strategy
could significantly reduce the carbon footprint of several state-of-
the-art recommendationmodels, with a limited decrease in accuracy
and fairness. While more work is needed to automatically balance
the trade-off between accuracy and emissions, this paper sheds
light on the need for more sustainable recommendation models and
takes a significant step toward designing green training strategies.

CCS Concepts
• Information systems→ Recommender systems.
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1 Introduction and Related Works
The last decade saw a significant advance of Artificial Intelligence
(AI) technologies in several fields. However, while the accuracy and
the effectiveness of these systems increase daily, this improvement
implies more complexity. This complexity is manifesting in both
time-related issues (AI models require longer training periods) and
space-related issues (requiring more advanced hardware); for these
reasons, AI is defined as an energy-intensive technology [3, 7, 32].

Both the above-mentioned issues led to a significant increase of
𝐶𝑂2 emissions of AI algorithms [12]. As an example, the training of
recent large language models such as BLOOM and GPT-3 emitted
approximately 522,000 and 50,000 kilograms of 𝐶𝑂2, respectively
[22]. As a result, in the last few years, a new attention towards the
development of more sustainable AI models is emerging, and the
term Green AI [18, 25] was introduced to promote a vision of AI
that also considers the environmental impact of the algorithms [23].

The study of sustainable and green aspects of AI has also taken
hold in the Recommender Systems (RS) community [4]. Indeed,
tools and metrics to evaluate carbon footprint [1, 31] were recently
proposed, and [2, 10] called for prioritizing sustainable practices
in RS design and training. In this research line, [19] benchmarked
state-of-the-art (SOTA) recommendation models, concluding that
simpler models (e.g., Collaborative Filtering - CF) offered strong
performance with low emissions, while more complex models (e.g.,
Knowledge-Aware RSs - KARSs) emitted excessive𝐶𝑂2 formarginal
accuracy gains. Similar findings were reported in [24], highlighting
that simpler models better balance accuracy and emissions.

While these analyses underscore the importance of addressing
carbon footprint in the recommendation field, the challenge of
reducing RS models’ overall emissions while maintaining good
predictive accuracy remains unresolved. A preliminary attempt
in this direction is discussed in [20], where the authors explore
the impact of data reduction strategies on the trade-off between
performance and emissions, finding that these techniques often
need an accurate case-by-case evaluation.

With this paper, we fit into this research direction and propose
a Green Early Stop (GES) criterion that considers the information
about the current carbon emissions during the training of the rec-
ommendation algorithm itself. To this end, we first introduce a
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novel metric, the Accuracy Emission Ratio (AER), calculated as the
ratio between the gain in performance (measured by the validation
score) and the total emissions of the algorithm. Next, our GES strat-
egy calculates the AER score at each epoch during the training. If
the score is not favorable for a number of consecutive epochs, the
training is stopped. As shown in the experimental evaluation, the
proposed strategy significantly decreases the emissions of the algo-
rithms at the cost of a small reduction in their predictive accuracy,
thus confirming the validity of our intuition.

To our knowledge, this work is the first attempt at developing
a strategy specifically designed to reduce the carbon emissions of
a recommendation algorithm since the training phase. To sum up,
this paper provides the following contributions:

(1) We introduce a Green Early Stopping criterion that also
considers carbon emissions;

(2) We benchmark our GES strategy on several RSs and state-
of-the-art datasets as well as in different scenarios;

(3) We identify strategies to make our criterion fully automatic,
paving the way for further research.

2 Methodology
In this section, we first describe how we track the carbon footprint
of RS models. Then, we introduce our novel GES criterion.

2.1 Measuring Carbon Footprint
Currently, the carbon dioxide equivalent (𝐶𝑂2 − 𝑒𝑞) is a widely
adopted metric used to measure and compare greenhouse gas emis-
sions [8], and, consequently, the carbon footprint1. Following [16],
we estimate it by multiplying the power consumption (PC) and the
carbon intensity (CI). Formally:

𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 = 𝑃𝐶 ·𝐶𝐼 (1)

𝑃𝐶 refers to the electrical power required by the hardware (CPUs,
GPUs, memory, etc.) to perform computations and can be measured
through low-level hardware interfaces. It is expressed in kilowatt-
hours. Next, 𝐶𝐼 is calculated as the weighted average of the carbon
footprint of each energy source in the energy mix, and with a
fixed amount of 𝐶𝑂2 emitted per kilowatt-hour for each energy
source. It is important to note that different countries use different
energy mixes, meaning each mix (and thus each country) has its
own carbon intensity2.

In this paper, we used the Python library CodeCarbon3 to mea-
sure the emissions and to implement our methodology; this choice
is in line with other works in the field [19, 20]. First, it considers
the energy mix of the country where the computation is performed,
allowing for an accurate calculation of 𝐶𝐼 . Second, it measures the
power consumption of each hardware component throughout the
computation. As a result, at the end of the computation, it provides
a measure of the emitted 𝐶𝑂2 − 𝑒𝑞. The use of CodeCarbon is in
line with other work in the area, such as [19, 20].

1https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Glossary:
Carbon_dioxide_equivalent
2Data available at: https://ourworldindata.org/electricity-mix
3https://mlco2.github.io/codecarbon/

Figure 1: An example of the accuracy/emission curve graph

2.2 Introducing Green Early Stop
The early stopping strategies that are commonly used to train
RS rely on the analysis of the validation scores epoch by epoch.
Differently, our novel GES criterion also considers the amount of
𝐶𝑂2 − 𝑒𝑞 emitted to decide whether to stop the training ahead of
time.

To implement our strategy, we rely on two novel constructs:
(a) the Accuracy Emission Ratio, calculated as the ratio between
the gain in performance and the increase in carbon emissions in
two consecutive epochs of training; (b) the tolerance of the GES
criterion when monitoring the AER epoch by epoch.

In particular, AER is inspired by the finite difference method
[13], which is designed to approximate the derivatives (the rates
of change) of a function by using the difference between function
values at discrete points. In our context, the function is the model’s
accuracy given by the validation score. At a given epoch, the slope
of this curve represents how favorable the gain in accuracy is with
respect to the increase in emissions. Based on the slope, we can
decide whether to stop the training or not. Formally, AER can be
defined as follows:

𝐴𝐸𝑅(𝑟 ) = 𝑣_𝑠𝑐𝑜𝑟𝑒𝑖+1 − 𝑣_𝑠𝑐𝑜𝑟𝑒𝑖
𝑒𝑖+1 − 𝑒𝑖

(2)

where 𝑟 is a recommendation algorithm, 𝑣_𝑠𝑐𝑜𝑟𝑒𝑖 and 𝑣_𝑠𝑐𝑜𝑟𝑒𝑖+1
are the validation metric values observed at training epochs 𝑖 and
𝑖 + 1, respectively, and 𝑒𝑖 and 𝑒𝑖+1 are the 𝐶𝑂2 emissions produced
after 𝑖 and 𝑖 + 1 training epochs. Based on these constructs, we can
sketch our GES criterion as follows:

(1) For each epoch, we calculate the AER score. Any accuracy
metric, i.e., NDCG, can be used as a validation metric.

(2) Based on the size of the datasets and on the characteristics
of the recommendation algorithm, i.e., average emission, we
set a threshold score for AER. Let 𝑛 be the threshold.

(3) If the AER score is lower than 𝑛, it means that the increase is
unfavorable. If this holds for a consistent number of epochs
(i.e., the tolerance), the training is stopped.

Generally speaking, the training stopswhen, for toomany epochs,
the improvement in predictive accuracy is not justified by the in-
crease in carbon emissions. Formally, let 𝑘 be the tolerance and

342

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
https://ourworldindata.org/electricity-mix
https://mlco2.github.io/codecarbon/


Training Green and Sustainable Recommendation Models: Introducing Carbon Footprint Data into Early Stopping CriteriaUMAP ’25, June 16–19, 2025, New York City, NY, USA

𝑟 be the recommendation algorithm; the training is stopped if
𝐴𝐸𝑅(𝑟 ) < 𝑛 for more than 𝑘 consecutive epochs. Of course, the
higher the tolerance, the higher the number of epochs not surpass-
ing the threshold that is needed to stop the training. Conversely,
low tolerance values may stop the training even after a few epochs,
where the ratio between accuracy and emissions is unfavorable.

Figure 1 sketches an example that illustrates the underlying intu-
ition. At the beginning of the training, the validation score increases
rapidly, as shown by the blue line in the picture. However, after
some epochs, the improvement of the validation score decreases;
in this case, the training process could be stopped after few epochs
(red dot), but our GES is able to stop it even before (green dot), by
considering the emission procuded during the training process (red
dotted line). This results in a general lower carbon footprint.

2.3 Discussion
In this section, we deeply discuss the intuition behind the design
of our GES criterion, and why it can be considered an effective
solution to better trade-off performance and carbon footprint of RS
models.

Generally speaking, traditional early-stop approaches are able
to stop the training of a model if no improvements are observed for
a number of subsequent epochs. On the other hand, our GES takes
into account the AER (defined in Equation 2), in which the carbon
footprint is considered at the denominator, and linearly increases
epoch by epoch (as depicted in Figure 1).

Although, given a model, the emission trend increases linearly
over time, each model exhibits a different slope: more complex
models emit more 𝐶𝑂2 per epoch, resulting in a steeper line (i.e., a
higher slope coefficient), while simpler models have a lower carbon
footprint per epoch, corresponding to a less steep line (i.e., a lower
slope coefficient). In this context, the strenght of our GES relies in
giving greater reward to models that, for the same improvement in
the validation metric, have a lower carbon footprint. In other words,
models with higher carbon footprints should guarantee, for each
epoch, a higher gain in accuracy as well to justify the training
process continuation.

3 Experimental Session
We designed experiments aiming at answering the following Re-
search Questions (RQs):
RQ1 - Emissions Impact: how does our early stopping criterion
affect the emission of RS models?
RQ2 - Impact on Recommendation Metrics: how does our early
stopping criterion affect the performance of RS models?
RQ3 - Trade-off analysis: Can our early stopping criterion be con-
sidered a possible solution to improve the trade-off between emissions
and performance of RS models?

3.1 Experimental Design
Dataset. To answer our RQs, we performed experiments on a state-
of-the-art dataset, MovieLens-1M, that is available on our GitHub
repository4. This dataset includes 6,036 users, 3,192 items, and
946,772 interactions, with a sparsity of 96.07%. On average, each
user and item have 125 and 237 interactions, respectively. The KG
4https://github.com/swapUniba/GES-green-early-stop

provided with the dataset encodes 20,454 entities, 13 relations, and
70,668 triples, with 2,823 items linked to it. Due to space reasons, it
was not possible to extend the analysis to further datasets.
Recommendation Algorithms. In this paper, we have selected
11 SOTA RS algorithms representative of the various approaches.
In particular, we considered models falling in the following fami-
lies: linear and collaborative filtering (CF) [11]; Graph Neural Net-
works (GNNs) and Graph Convolutional Networks (GCNs) [27, 33];
Knowledge-Aware RSs (KARSs) [6]. To ensure the replicability, we
limit to the models implemented in RecBole [37]. In particular, we
considered BPR [17], DMF [34], LINE [21], MultiDAE [14] as CF
algorithms, NGCF [29], DGCF [30], LightGCN [9] as GNNs, and
CKE [35], CFKG [36], KGCN [28], KGNNLS [26] as KARS.
GES Parameters. As previously stated, the threshold score used
to evaluate whether AER is favorable strongly depends on both the
dataset (i.e., number of users, number of items) and the average
emissions of the algorithms. In this work, we evaluate two different
threshold values: 30 and 40. From now on, we will refer to low
and high threshold values. As for the tolerance, we evaluate three
different values, i.e., 5, 6, and 7. In this case, we will refer to them as
low, moderate, and high tolerance. All these values are set through
heuristics after several runs of the pipeline and consistently with
the data orders of magnitude. Of course, this is the first exploratory
step in this direction within RS. For future work, a fully automatic
strategy to automatically define the optimal values for threshold
and tolerance is needed to improve the soundness of the approach.
Implementation Details. To ensure fair comparisons and repro-
ducible results, we considered RecBole as a recommendation library.
Accordingly, we implemented our GES criterion in this framework
so that it can be easily reproduced. We conducted our experiments
on a Ubuntu 20.04.6 LTS system equipped with an AMD EPYC 7V12
64-Core CPU, an NVIDIA Tesla T4 16 GB GPU, and CUDA driver
Version 12.2. The source code for implementing our GES criterion,
along with the scripts to run and reproduce our experiments, is
available on our repository (see Footnote 4). To track the carbon
footprint of the RS, we used CodeCarbon library5.
Evaluation Metrics. We considered the MRR as an accuracy
metric to compute the AER, as it is the default validation metric
used by RecBole; further metrics will be considered in future works
(e.g., NDCG). We evaluated the RS algorithm performance in terms
of Recall, NDCG, Gini index, and Average Popularity. Due to space
reasons, we only present results related to Recall and Gini index.
Full results are available on our repository.

3.2 Results of the Experiments
In Figure 2a, we report how the application of our GES criterion
affects the 𝐶𝑂2 − 𝑒𝑞 emissions of recommendation models. Due
to space reasons, we only report the results obtained in the high
threshold and low tolerance setting. Accordingly, it means that the
algorithm continues the training only if the performance rapidly
increases. Conversely, when the slope of the curve decreases, even
for just a few epochs, the training stops. In other terms, this is the
most aggressive early stopping configuration we evaluated.

As shown in Figure 2a, GES strongly affects the carbon footprint
of RSs: this holds for complex models like LightGCN and DGCF,

5https://mlco2.github.io/codecarbon/
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(a) Impact of our GES criterion on emissions

(b) Impact of our GES criterion on Recall

(c) Impact of our GES criterion on Gini index

Figure 2: Results obtained by applying ourGES criterion,with
high treshold and low tolerance. a) compares the emissions
produced by eachmodel whether the GES criterion is applied
(green) or not (red); b) and c) focus on the trade-off between
𝐶02 emissions (X-axis) and recommendation performance
(Y-axis).

emitting a 𝐶𝑂2 − 𝑒𝑞 that is approximately 9-times lower, as well as
for simpler methods like BPR, whose emissions are halved when
GES is applied. Even if this is an expected outcome, it is important
to quantify the number of emissions that are saved by introducing
carbon footprint data directly into the training of recommendation
models. A more comprehensive overview of this finding is pro-
vided in Table 1, which shows the percentage decrease when GES
is applied on varying of different thresholds and tolerance values.
As expected, the higher the tolerance, the lower the amount of
emissions that are saved. Conversely, higher thresholds and lower
tolerance lead to a reduction that may almost reach 90% of the emis-
sions, as shown by LightGCN and DGCF. Based on these results,
we can answer RQ1 by stating that our GES criterion succeeds
at decreasing the 𝐶𝑂2 − 𝑒𝑞 emitted during the training of RS
models. For complex models, the amount of emissions that
are saved can be considerable.

Next, to answer RQ2, we can observe Figures 2b and 2c, in which
we note that a decrease in performance is generally obtained when
GES is applied. Indeed, most of the lines have a decreasing trend
towards left (for recall, where higher is better) or towards right
(for Gini index, where lower is better). This particularly holds for
models emitting more 𝐶𝑂2 − 𝑒𝑞, such as DGCF, LightGCN, and
MultiDAE. However, it is worth noting that other models, including
BPR, DMF, and KGCN, do not decrease their performance, and some
techniques, i.e., CKE, are minimally affected by GES. This result is
also confirmed in Table 1. As we already discussed for the previous
RQ, higher tolerance generally leads to the performance being closer
to the original ones. However, the reduction in emissions is lower
as well. To sum up, we can answer RQ2 by stating that GES
generally decreases the performance of some RS, but this is
not valid for all the algorithms. In some settings, just a tiny
decrease in performance is noted.

Finally, we can answer RQ3 and assess whether GES can be
considered a solution to trade-off performance and carbon foot-
print or RS models. As previously stated, some models, such as
DGCF and LightGCN, strongly reduce their emissions at the cost
of an equivalent reduction in performance. Other models, such as
MultiDAE or CFKG, are characterized by a lower decrease in per-
formance. Generally speaking, one of the best trade-offs emerges
for CKE. Indeed, this model reduces its emissions by approximately
60%, with a tiny performance decrease. Overall, it is the second
best-performing approach in terms of recall after the application
of GES. Finally, it is worth mentioning that the performance of
simpler models such as LINE, DMF, and BPR is not affected by GES.
In particular, BPR obtained the best accuracy when early stopping
was applied. To address RQ3, we can conclude that the differ-
ent algorithms show a heterogeneous behavior. Generally
speaking, the impact of GES seems to be scenario-dependent.
However, simpler algorithms generally provide a good trade-
off between the metrics.

4 Discussion and Conclusions
In this paper, we have introduced a novel strategy to reduce the
emissions of a recommendation algorithm by design, i.e., by early
stopping the training when the ratio between the increase in perfor-
mance and the amount of emissions is not favorable. This is done by
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Model
high treshold low treshold

low tolerance moderate tolerance high tolerance low tolerance moderate tolerance high tolerance
Emiss. Rec Gini Emiss. Rec Gini Emiss. Rec Gini Emiss. Rec Gini Emiss. Rec Gini Emiss. Rec Gini

BPR -42.01 -0.18 -0.77 -37.12 0 0 -17.99 0 0 -36.13 0 0 -20.93 0 0 -19.97 0 -
DMF -13.27 0 0 -12.87 0 0 -13.08 0 0 -9.03 0 0 -12.93 0 0 -13.53 0 -
LINE -25.03 0 0 -27.02 0 0 -27.42 0 0 -25.17 0 0 -27.14 0 0 -24.98 0 -
MultiDAE -63.68 -17.23 6.09 -62.04 -14.90 5.19 -60.33 -13.90 4.97 -50.49 -10.01 4.01 -53.42 -9.73 3.47 -50.25 -8.00 3.04
NGCF -64.46 -11.22 4.46 -63.64 -9.33 4.43 -59.43 -6.75 3.50 -65.30 -11.22 4.46 -62.81 -9.33 4.43 -59.72 -6.75 3.50
DGCF -89.02 -38.29 9.49 -87.48 -34.78 9.21 -85.89 -32.91 8.89 -89.03 -38.35 9.49 -87.29 -34.78 9.21 -85.90 -32.85 8.89
LightGCN -89.35 -35.78 11.69 -88.85 -34.91 11.51 -88.14 -32.89 11.29 -87.84 -32.89 11.29 -86.46 -30.40 10.85 -86.66 -30.40 10.85
CKE -64.34 -6.21 4.73 -63.39 -4.77 4.18 -59.18 -3.14 3.44 -63.99 -6.21 4.73 -63.44 -4.77 4.18 -59.23 -3.14 3.44
CFKG -70.39 -14.61 7.04 -69.33 -14.74 6.56 -67.39 -11.93 6.18 -67.91 -14.74 6.56 -67.35 -11.93 6.18 -17.81 0 -
KGCN -44.29 0 0.22 -42.25 0 -0.09 -41.27 0 0 -44.79 0 0.22 -42.85 0 -0.09 -41.21 0 -
KGNNLS -77.61 -15.76 5.67 -75.90 -13.30 5.09 -73.95 -11.68 4.76 -43.76 0.14 0.23 -38.19 0 -0.10 -36.07 0 -

Table 1: Sensitivity analysis to the threshold value 𝑛 and the number of consecutive epochs 𝑘 . In this table, we encode the
percentage change of emissions, recall and Gini index according to 𝑛 and 𝑘 parameter values. All these values are percentages.

introducing a new metric inspired by the finite difference method
that compares the slope of the curves modeling performance and
emissions epoch by epoch. Overall, our analysis showed that the
method effectively reduces the emissions of recommendation algo-
rithms, even at a significant rate for carbon-intensive models such
as LightGCN and DGCF. However, especially for more complex
techniques, the decrease in emissions often comes at the cost of a
decrease in performance. This outcome is not surprising. Indeed,
as shown in [5], it has been acknowledged since the early 90s that
early stopping methods follow the no-free-lunch theory. Accord-
ingly, the reduction in terms of emissions needs to be balanced by
a decrease in performance.

Generally speaking, the identification of the ideal trade-off be-
tween these dichotomic aspects is not trivial. In some settings, it
may be fundamental to reduce emissions, regardless of the loss in
performance. Conversely, in particular domains, the accuracy of
the algorithms may be indispensable, so the tolerance needs to be
increased. This is a domain- and scenario-specific design choice.

While the automatic tuning of such a trade-off is left as future
work, we have already identified some mechanisms to extend the
criterion and make it fully automatic. Indeed, the main issue we
encountered was the different magnitudes of the values of perfor-
mance and emissions, which made it hard to define a fixed threshold
to compare the curves. Possible solutions may include: (a) the adop-
tion of a logarithmic formula that flattens the curves and gets their
magnitude closer; (b) the use of a min-max normalization strategy,
where the normalization is obtained by considering as maximum
scores the performance and the emissions benchmarked in previous
related works, such as [19, 24].

These directions will be investigated as future work, together
with a more extensive analysis considering more datasets, more
algorithms, including explainable recommender systems [15], and
more values for threshold and tolerance. However, these limitations
do not hinder the validity of the findings. Indeed, this paper sheds
light on the need for more sustainable recommendation models
and takes a significant step toward designing green training strate-
gies, showing that novel early stopping methods can be a suitable
solution for the problem.
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