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Abstract

The environmental footprint of recommender systems has received
growing attention in the research community. While recent work
has examined the trade-off between model accuracy and the esti-
mated carbon emissions during training, we argue that a compre-
hensive evaluation should also account for the emissions produced
during inference time, especially in applications where models are
deployed for extended periods with frequent inference cycles. In
this study, we extend previous carbon footprint analyses from the
literature by incorporating the inference phase into the carbon
footprint assessment and exploring how variations in training con-
figurations affect emissions. Our findings reveal that models with
higher training emissions can, in some cases, offer lower environ-
mental costs at inference time. Moreover, we show that minimizing
the number of validation metrics computed during training can lead
to significant reductions in overall carbon footprint, highlighting
the importance of thoughtful experimental design in sustainable
machine learning.
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1 Introduction

Artificial Intelligence research has seen remarkable breakthroughs
in recent years which have come at a growing environmental cost.
Between 2012 and 2018, the computational resources required for
state-of-the-art training runs increased by over 300,000x [2], while
training a single LLM can emit hundreds of kilograms of CO; [22].
Power-intensive generative Al training/inference is growing much
faster than other applications, and global data center electricity
consumption could nearly double by 2030. Although this still repre-
sents a modest fraction of overall energy use, the growth trajectory
is concerning, especially as large-scale AI deployments become
increasingly common.

These figures sparked the Green Al initiative [18], which argues
that energy and carbon costs should be reported alongside model
accuracy. Accordingly, several tools and frameworks now support
this goal by tracking emissions for generic deep learning work-
flows [10, 13]. Despite this progress, Recommender Systems (RS),
which power the personalization engines of most modern media
and commerce platforms, have received comparatively less atten-
tion in terms of sustainability. This is surprising given their wide
deployment and increasingly complex architectures. Also, given
that RS are commonly retrained at daily and weekly intervals, their
environmental footprint can accumulate rapidly over time, magni-
fying even small inefficiencies in model or infrastructure choices.

A key step forward addressing this gap was the study by Spillo
et al. [20], which evaluated 18 RS across three datasets. Their work
revealed that complex deep and graph-based models often provide
only marginal accuracy improvements while significantly increas-
ing carbon emissions. However, their analysis focused only on the
training phase, neglecting the energy cost of routine validation and
model inference, both critical components in real-world deploy-
ment. In a follow-up study, Spillo et al. [19] focused on the impact
on data reduction on training, while Vente et al. [23] evaluated the
training cost of 16 RS used in 2013-2023 RecSys papers.

In this work, we revisit and extend Spillo et al. [20]’s study with
the goal of broadening the environmental lens through which RS are
evaluated. We do so by addressing the following research questions:
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RQ1: Training setup. How do variations in the training setup affect
the reproducibility of performance and energy footprint measure-
ments for RS training?

RQ2: Inference. Do models that incur higher energy footprints dur-
ing training also exhibit higher footprints at inference time?

By broadening the scope of environmental benchmarking to
include both training and inference phases, we aim to provide a
more holistic and reproducible understanding of RS sustainability.
Specifically, we make the following contributions:

« Validation overhead. We quantify the (largely invisible) energy
cost associated with computing validation metrics during training.
« Life-cycle perspective. We evaluate the inference cost, often
overlooked despite running millions of times per deployment.

« Reproducibility conditions. We replicate previous experiments
in the literature [20] under a different setup, showing how observa-
tions shift even with modest changes to the execution environment.

Our findings emphasize that responsible design must look be-
yond training accuracy and cost alone. We hope this study sup-
ports sustainable RS research and offers actionable guidance for
researchers and practitioners working towards low-carbon RS.

2 Experimental setup

To address our RQs, we compare a range of RS in terms of energy
consumption during training and inference. We first reproduce the
experiments from Spillo et al. [20] to establish a reference point and
then extend them with the investigation of the footprint caused by
the inference of the same models.

Energy-centric measurement approach

Estimating the environmental impact of RS requires careful track-
ing of energy consumption. Prior work [19, 20] estimated emissions
by using CodeCarbon [4] to monitor energy usage, then converted
this energy (in kWh) into CO3 emissions by multiplying it by a
fixed global Carbon Intensity (CI) of 475 gCO2/kWh, based on the
2019 International Energy Agency Global Energy and COy Status
Report!. While this simplifies standardization, it treats all computa-
tional activity as equally carbon-intensive, regardless of location,
energy source or infrastructure, and may distort results when CI
varies significantly across locations or time. Moreover, using a fixed
CI introduces only a constant scaling factor, which offers limited
analytical value and potentially leading to misleading conclusions.
In contrast, our study emphasizes direct energy tracking. We also
use CodeCarbon, but instead of immediately converting energy into
CO; emissions using a static CI, we focus on reporting the actual
electrical energy consumption (in kWh) as measured by the hardware.
CodeCarbon operates by periodically sampling system-level power
sensors? (every 15 seconds by default), accumulating the energy
used by the CPU, GPU and RAM throughout each run. This provides
a granular and hardware-specific view of energy consumption.
By reporting raw energy rather than emissions, our methodol-
ogy provides a clean and interpretable value, supporting greater
flexibility and transparency. Researchers can later apply localized
CI values or account for infrastructure efficiency factors like Power

https://www.iea.org/reports/global-energy-co2-status-report-2019/emissions
Zhttps://mlco2.github.io/codecarbon/methodology.html
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Usage Effectiveness® (PUE) to estimate emissions more precisely,
without needing to rerun experiments.

Recommendation algorithms

We evaluate a set of 18 well-known RS also used in [20]. These RS
span five categories, capturing a range of modeling complexities and
approaches: basic (Pop [21], ItemKNN [5]), matrix factorization and
linear models (BPR [16, 17], DMF [31], FISM [12], NAIS [8], SLIM
[15]), deep learning (NeuMF [9], MultiDAE [14], NGCF [26], DGCF
[27]), graph-based (LightGCN [7], SGL [28]) and knowledge-aware
models (CKE [32], CFKG [1], KGCN [25], KTUP [3], RippleNet [24]).

Datasets

We use three widely used datasets, also used in [20], to ensure
comparability of results: Amazon Books, MovieLens 1M and Mind.
As the original study applied some undocumented preprocessing
steps we used the preprocessed versions from their repository?.

Hardware, operating system and packages

Hardware. Spillo et al. [20] conducted their experiments on a 2012-
era desktop workstation with a 3rd-gen Intel Core i7-3770 CPU
(Ivy Bridge, 4 cores) and an NVIDIA GeForce GTX Titan X GPU
(Maxwell architecture). While Linux servers dominate industrial
pipelines, a significant portion of research, teaching, and early-stage
prototyping occurs on commodity laptops, especially in resource-
constrained settings. Then, to broaden the relevance of our findings
beyond desktop setups, our experiments were carried out on a
laptop with a 10th-gen 2020 Intel Core i7-10850H CPU (Comet Lake-
H, 6 cores) and an NVIDIA Quadro T2000 GPU (Turing architecture).
While our CPU is newer and has more cores, it is also a mobile
processor with a focus on energy efficiency. This shift also enables
us to assess how energy rankings and absolute footprints generalize
across hardware profiles with different CPU/GPU efficiency ratios,
thus contributing to a more comprehensive understanding of RS
sustainability under diverse operational conditions. The Titan X
GPU is more powerful in raw compute (3072 CUDA cores, ~6.6
TFLOPS FP32) compared to the Quadro T2000 (1024 CUDA cores,
~3.7 TFLOPS FP32), but also more power hungry.

Operating system. While the original experiments ran on Ubuntu
20.04 with Linux kernel 5.15.0, to expand the range of tested config-
urations, ours were conducted on Windows 11 24H2. This choice
reflects real-world diversity in research and prototyping environ-
ments, as supported in surveys® and previous works [6, 11].
Python and packages. We attempted to replicate the original
Python environment by Spillo et al. [20], but encountered compati-
bility issues preventing a stable setup. Instead, we ensured consis-
tency by using the same RecBole [33] version (1.1.1) [30] and build-
ing a working package configuration around it. The original code
ran on Python 3.7.16 with PyTorch 1.13.1. Our experiments used
Python 3.8.20 and PyTorch 2.3.1 (including optimizations that can
influence performance and energy usage [29]). Although Python

Shttps://www.thegreengrid.org/en/resources/library-and-tools/20- PUE%3A- A-
Comprehensive-Examination- of-the-Metric
*https://github.com/swapUniba/CarbonRecommenderRecSys23

SStack Overflow 2024 Survey: https://survey.stackoverflow.co/2024/technology#1-
operating-system
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3.8 is no longer maintained, we selected it to preserve broad compat-
ibility with the original environment and RecBole’s dependencies
at the time of the original study and avoid introducing additional
variabilities from major language version changes. This allowed for
a faithful yet functional reproduction of the original setup.

Model training methodology

For all experiments, as Spillo et al. [20], we followed the standard
RecBole implementations and kept most hyper-parameters at their
default values. However, a few controlled adjustments were made to
guarantee a consistent and reproducible experimental setup. First,
we enabled RecBole’s reproducibility mode, which ensures the
training, validation and test splits remain consistent across runs.
We also standardized the number of training epochs [20], setting
it to 50 for MovieLens and Mind, and to 20 for Amazon Books.
RecBole adopts a commonly-used default early stopping configura-
tion (as used in [20]); however, since this can lead to models being
trained for different numbers of epochs, we chose to disable early
stopping and train all models for the full epoch number to maintain
uniformity across experiments. Model evaluation was performed
after training each epoch. To assess the impact of evaluation met-
ric computation during epochs, we considered two configurations.
First, Reproduction, in which we computed the full set of 12 ranking-
oriented metrics reported in [20] (AveragePopularity, GAUC, Gini-
Index, Hit, ItemCoverage, MAP, MRR, NDCG, Precision, Recall,
ShannonEntropy, TailPercentage), extending RecBole’s default set
of 5 metrics. Second, One-Metric, in which we limited evaluation
during training to a single metric, MRR (RecBole’s default early
stopping metric), to reduce computational overhead.

Model inference methodology

Inference experiments used the same RecBole implementations as
in training. For comparability with training energy results, we gen-
erated top-10 recommendations for all valid users in each dataset
in a single batch using RecBole’s built-in inference function. Short
inference calls (<1 s) showed high variance in CodeCarbon readings
due to initialization overhead and architectural effects. To address
this, each run began with a warm-up inference, followed by 10 iden-
tical inference queries whose energy was measured. This procedure
was repeated 10 times per configuration, and we report the mean
and standard deviation across runs.

3 Experimental results
RQ1: Training footprint
Table 1° compares the energy usage reported by Spillo et al. [20]
(Reference Work) with our Reproduction and One-Metric experiments.
Due to GPU memory constraints, we omit FISM and NAIS on the

Amazon Books dataset’.
Relative efficiency ranking is largely stable. Across all three

datasets, simpler models such as Pop, ItemKNN and SLIM consis-
tently remain among the most efficient, while more complex models

SAll code is available at the companion repository https://github.com/hcai-mms/
RecSys-Footprint-Inference. To ease reproducibility, a Docker image is also provided.
The repository also includes additional accuracy results, rank plots and heatmaps.
"NAIS on Amazon Books was also not reported by Spillo et al. [20], due to presumably
performance or stability problems.
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like DGCF and SGL continue to rank highest in energy use. The
Spearman’s rank correlation coefficient between Reference Work
and our Reproduction for nDCG ranged between p = 0.659 (Mind)
and p = 0.876 (MovieLens) for nDCG showing moderate to strong
alignment®. On the other hand, the correlation for energy consump-
tion ranged between and p = 0.724 (Amazon Books) and p = 0.973
(MovieLens), supporting the view that relative energy cost is pri-
marily driven by algorithm complexity and is largely independent
of hardware/software differences.

Absolute energy use decreases in most, but not all cases. Our
mobile hardware setup reduces training energy consumption in
31 of the 47 model/dataset combinations compared to the original
desktop environment. However, the scale and direction of the shift
vary considerably by dataset. For instance, SLIM sees an 85% energy
drop on Amazon, but a 198% increase on MovieLens; DGCF drops
23% on MovieLens but rises 159% on Amazon and 270% on Mind;
MultiDAE shows minimal change on Mind (+2%), yet drops by 60%
on Amazon and increases by 822% on MovieLens. These inconsisten-
cies highlight the complex interaction between model architecture,
dataset characteristics (e.g. size, sparsity), and hardware/software
efficiency profiles. They reinforce the point that absolute energy
figures are not easily generalizable across environments.
Validation metric computation carries notable overhead. Re-
placing the original 12 validation metrics per-epoch with a single
metric in the One-Metric configuration yields substantial energy
savings, ranging from 1.03% to 71.71%, with an average reduction
of 28.77%. Lightweight models benefit the most, as metric evalu-
ation constitutes a large portion of their total training cost. Even
deep graph-based models such as DGCF and SGL show measurable
savings, indicating that validation bookkeeping is a meaningful
component of overall energy usage. Importantly, reducing the num-
ber of validation metrics to a single one does not cause any changes
in the models’ accuracy, as in both cases the same one metric (MRR)
is used as a stopping criterion. This way careful selection of val-
idation metrics can lead to energy savings without any loss of
performance.

We observe that quantitative energy values and model rankings
are sensitive to changes in hardware, dataset, and evaluation setup.
While newer hardware is expected to be more efficient, our con-
trolled study shows that 16 of 47 model/dataset pairs actually con-
sume more energy. These discrepancies are not random, memory-
bound graph models often can underutilize modern GPUs, while
matrix-factorization models benefit more from hardware upgrades.
This non-uniform pattern underscores that energy profiles must be
validated per model as scaling assumptions can be misleading.

RQ2: Inference footprint

Table 1 reports the energy to serve 10 recommendation queries for
each model trained in Reproduction. We omit CFKG on Amazon
Books, KGCN, KTUP and RippleNet on MovieLens and Amazon
Books, and NeuMF on all datasets due to GPU RAM constraints®.

8Given that we used the same dataset and models than Spillo et al. [20], these could
be related to some differences in the under-the-hood configuration.

9We acknowledge that this issue could have been solved by customizing per-model
GPU settings, but we preferred to prioritize the comparability of results under RecBole
standard configurations.
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Table 1: Energy consumed during training and inference of different models with the corresponding rankings per dataset

(largest absolute differences highlighted).

‘ H Reference Work H RQ1: Reproduction (vs Reference)

RQ1: One-Metric (vs Reproduction) RQ2: Inference (10 Queries)

Algorithm Energy  Rank Energy  Rank Energy Rank | Energy  Rank Energy Rank Energy Std Rank | Rank Rank
kWh-10* kWh-107* % A | kWh-10™* % A || kWh-10™* kWh-10™® Infer. | Train A
Pop 50.93 1 8.46 1 -83.39 0 3.25 1 -61.52 0 2.41 12.91 5 1 -4
ItemKNN 78.68 2 12.34 2 -84.32 0 8.71 2 -29.36 0 20.24 13.04 10 2 -8
BPR 850.86 8 358.48 3 -57.87 -5 153.89 3 -57.07 0 234 11.44 4 3 -1
DMF 820.09 7 662.91 6 -19.17 -1 464.00 7 -30.01 +1 2.48 5.85 7 6 -1
% | FISM 600.63 6 853.88 9 +42.17 +3 669.85 9 -21.55 0 49.59 35.99 11 8 -3
§ NAIS 1,293.77 10 2,577.22 11 +99.20 +1 2,234.17 12 -13.31 +1 362.76 80.08 12 10 -2
A | SLIM 125.29 3 415.55 4 +231.68 +1 220.82 4 -46.86 0 297.09 7.02 8 4 -4
2 | NeuMF 498.04 4 673.80 7 +35.29 +3 418.04 6 -37.96 -1 - - - - -
g MultiDAE 514.13 5 525.79 5 +2.27 0 279.84 5 -46.78 0 3.10 3.79 9 5 -4
NGCF 1,586.28 12 1,141.15 10 -28.06 -2 915.52 10 -19.77 0 2.47 9.40 6 9 +3
DGCF 6,298.43 13 23,313.07 13 +270.14 0 21,655.51 13 -7.11 0 2.27 2.17 1 12 +11
LightGCN 949.24 9 841.29 8 -11.37 -1 608.56 8 -27.66 0 2.31 7.02 2 7 +5
SGL 1,492.38 11 3,110.73 12 +108.44 +1 2,208.26 11 -29.01 -1 231 7.10 3 11 +8
Pop 6.28 1 2.21 1 -64.78 0 1.17 1 -46.97 0 0.58 1.89 6 1 -5
ItemKNN 15.19 3 3.05 2 -79.93 -1 2.50 2 -18.02 0 3.88 5.84 11 2 -9
BPR 30.19 4 95.51 3 +216.38 -1 42.54 3 -55.46 0 0.53 1.67 2 3 +1
DMF 188.38 10 170.60 8 -9.44 -2 119.38 8 -30.02 0 0.60 1.02 8 7 -1
FISM 1,768.94 14 574.19 14 -67.54 0 509.79 14 -11.22 0 34.67 20.41 13 11 -2
- NAIS 5,466.90 17 6,525.24 17 +19.36 0 5,390.70 17 -17.39 0 109.44 9.35 14 13 -1
% SLIM 43.03 5 128.10 5 +197.70 0 82.99 5 -35.21 0 0.96 2.65 10 5 -5
‘s | NeuMF 77.38 6 146.15 7 +88.86 +1 118.80 7 -18.71 0 - - - - -
a MultiDAE 13.28 2 122.38 4 +821.50 +2 67.97 4 -44.46 0 0.69 2.81 9 4 -5
E NGCF 717.59 13 465.88 13 -35.08 0 422.19 13 -9.38 0 0.58 2.43 7 10 +3
-E DGCF 10,255.42 18 7,936.47 18 -22.61 0 7,841.05 18 -1.20 0 0.54 2.41 5 14 +9
§ LightGCN 443.28 12 327.65 12 -26.09 0 280.63 12 -14.35 0 0.53 1.54 1 9 +8
SGL 1,890.25 15 1,112.91 15 -41.12 0 1,058.46 15 -4.89 0 0.53 2.54 4 12 +8
CKE 204.92 11 202.73 9 -1.07 -2 151.96 9 -25.04 0 0.53 1.80 3 8 +5
CFKG 83.67 7 134.90 6 +61.22 -1 84.03 6 -37.71 0 5.50 6.38 12 6 -6
KGCN 155.20 9 228.97 10 +47.53 +1 173.47 10 -24.24 0 - - - - -
KTUP 95.44 8 24547 11 +157.19 +3 193.41 11 -21.21 0 - - - - -
RippleNet 3,825.05 16 1,719.41 16 -55.05 0 1,701.75 16 -1.03 0 - - - - -
Pop 69.80 1 12.58 1 -81.97 0 3.56 1 -71.71 0 14.41 10.43 9 1 -8
ItemKNN 102.79 2 16.41 2 -84.04 0 9.73 2 -40.72 0 24.32 15.21 10 2 -8
BPR 650.06 6 146.46 3 -77.47 -3 84.06 4 -42.61 +1 4.37 2.97 2 3 +1
DMF 1,076.80 10 255.63 7 -76.26 -3 184.87 7 -27.68 0 12.44 7.15 8 6 -2
SLIM 1,277.41 12 191.69 6 -84.99 -6 96.01 6 -49.91 0 5.85 4.05 7 5 -2
‘u:a) NeuMF 2,345.50 15 529.30 13 -77.43 -2 432.42 13 -18.30 0 - - - - -
fg MultiDAE 1,077.70 11 433.98 12 -59.73 +1 279.83 10 -35.52 -2 38.45 11.67 11 9 -2
A | NGCF 1,572.66 13 294.23 8 -81.29 -5 222.57 9 -24.36 +1 4.89 6.92 6 7 +1
% DGCF 7,095.90 16 18,347.75 16 +158.57 0 17,758.41 16 -3.21 0 4.48 2.75 5 11 +6
2 | LightGCN 931.31 9 308.43 9 -66.88 0 221.70 8 -28.12 -1 4.42 4.98 3 +5
5| SGL 2,086.83 14 1,049.14 15 -49.73 +1 933.52 15 -11.02 0 4.43 9.25 4 10 +6
N
E CKE 371.30 3 151.80 4 -59.12 +1 73.92 3 -51.31 -1 2.05 9.17 1 4 +3
< | CFKG 444.36 4 173.38 5 -60.98 +1 94.36 5 -45.58 0 - - - - -
KGCN 655.46 7 388.62 11 -40.71 +4 302.12 12 -22.26 +1 - - - - -
KTUP 718.78 8 361.18 10 -49.75 +2 283.90 11 -21.40 +1 - - - - -
RippleNet 582.30 5 559.73 14 -3.88 +9 480.06 14 -14.23 0 - - - - -

The Spearman’s rank correlation coefficient between training
and inference rankings was weak and not significant, ranging be-
tween p = —0.210 (Mind) and p = 0.029 (MovieLens). This suggests
that models which are expensive to train are not necessarily cheap
to run at inference time, nor the reverse. Figure 1 illustrates this
finding for the Mind dataset, where higher training energy con-
sumption is not always followed by higher energy expenses during
inference (marker size). Individual break-even points can arise when
complex models benefit from efficient batch inferencing on GPUs,
while simpler models rely on slower, CPU-bound scoring.

To estimate the break-even point between models, let Eiyain ;
and Ejpfe,; denote the training and per-query inference footprint of
model i. When model A has a higher training cost but a lower infer-
ence cost than model B, the number of inference queries required to
offset A’s initial cost is depicted in Eq. 1, assuming Etrain A>Etrain,B
and Ejpfer A <Einfer,p to ensure N > 0.

N = [Etrain,A - Etrain,B ( 1)
Einfer,B - Einfer,A

For example, on the Mind dataset, both BPR and ItemKNN achieve
nDCG of 0.56, but BPR requires 358.48-10 4 kWh to train, compared
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Figure 1: The relation of the training and inference time
energy consumption to the resulting accuracy (Mind dataset).
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Figure 2: Break-even analysis on the Mind dataset. After 61
recommendation cycles to all users NGCF equals the energy
consumption of FISM while providing better accuracy.

to 12.34 - 10~% kWh for ItemKNN, whereas BPR’s per-query infer-
ence cost is 0.234- 104 kWh, while [temKNN consumes 2.024 - 104
kWh. Using Eq. 1, we observe that BPR becomes more energy-
efficient, making it the greener choice for workloads over 194
queries per model update. Figure 2 summarizes break even anal-
ysis on the Mind dataset, highlighting in red three points where
the fewest recommendation cycles is needed to reach equality in

1210

RecSys ’25, September 22-26, 2025, Prague, Czech Republic

consumption between two models. Absence of a value means that
the break-even point is unachievable for the two models'?.

Our results show that training and inference efficiencies are
not strongly aligned. As a result, the greener model depends on
workload. For low-traffic or frequently updated systems, simpler
models retain their advantage. In high-traffic deployments, however,
the initial training overhead of a complex model can quickly be
amortized over many queries, reversing the energy preference. To
optimize for sustainability, both training and inference phases must
be considered jointly.

4 Conclusion and future work

Our study offers new insights into the energy efficiency of recom-
mender systems, expanding prior work [20] with a more detailed
analysis of lifecycle trade-offs and evaluation overhead. First, we
showed that while energy rankings during training are broadly
consistent across setups, absolute energy use is highly sensitive
to the underlying infrastructure. Second, we quantify the substan-
tial energy cost of per-epoch evaluation, a factor often overlooked
in prior analyses, and show that logging only one metric can re-
duce training energy by = 30% without affecting accuracy. Most
notably, we introduce a break-even analysis that reveals how a
more expensive-to-train model can become the greener option un-
der frequent inference, shifting the energy balance over a model’s
life cycle. This framework allows practitioners to select the most
efficient model based on expected query volume. Together, these
findings support more granular, context-aware decisions and offer
actionable, low-effort guidelines for MLOps engineers, capacity
planners, and researchers aiming to build sustainable recommen-
dation pipelines. Future work should address: (1) benchmarking
training and inference energy on cloud GPUs with real-time carbon
intensity and job-level PUE, (2) while RecBole is a widely used
library endorsed by the RecSys community, extending the study
to other recommendation frameworks remains valuable to ensure
broader generalizability, (3) exploring whether the generated en-
ergy trace datasets could be used as input for predictive tasks, for
example, forecasting training or inference energy consumption
based on model, data and hardware characteristics, (4) designing in-
ference footprint evaluation procedures better reflecting real world
scenarios, (5) the impact of software-level factors (such as newer
Python versions or updated library releases) on energy efficiency.
Building on the foundation of the work at hand, these steps will
foster shifting carbon-aware recommender research from isolated
measurements toward reproducible and comparable life-cycle as-
sessments.
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