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Abstract. Recommender systems are increasingly evaluated not only
by recommendation quality, but also by their computational and envi-
ronmental footprint. This work investigates whether data reduction can
lower the energy consumption of recommender systems without dispro-
portionately degrading performance. We compare random, temporal and
structure-aware coreset strategies across three representative recommen-
dation algorithms. Energy consumption is measured separately for data
preprocessing and model training. Our results show that the sustainabil-
ity benefits of data reduction depend strongly on both the recommen-
dation model and the data reduction strategy. Reducing the training
data can lower energy use while preserving competitive performance,
but poorly chosen reductions may substantially harm accuracy or user
coverage. Evaluation also shows that data reduction cannot be assumed
to be cost-free. The energy required to construct a reduced dataset may
offset part of the savings achieved during model training. These findings
highlight the need to evaluate data reduction from a broader system-level
perspective that jointly considers recommendation quality, user coverage,
preprocessing overhead, and training costs.
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1 Introduction

Recommender systems support personalized access to products, media and informa-
tion across many digital platforms. Their growing scale and complexity, however, also
increase their computational and environmental costs [21]. Recommendation models
may be trained on millions of interactions, retrained frequently as preferences and
catalogs evolve and queried continuously after deployment [16]. Consequently, even
modest inefficiencies in training or inference can accumulate into a substantial energy
footprint.

Recent work has therefore begun to investigate sustainability—aware recommender
systems. For example, Spillo et al. [17] showed that complex recommendation algo-
rithms can require substantially more energy while providing only limited improve-
ments in predictive performance. Follow-up studies explored data reduction as a mit-
igation strategy [18], finding that smaller training sets can reduce emissions while
retaining much of the original recommendation quality. Moreover, Schodl et al. [16]
demonstrated that sustainability assessments should not focus exclusively on training,
since validation and inference can contribute considerably to the overall footprint of a
recommender system. Together, these studies establish that the most accurate model
is not necessarily the most desirable one when environmental cost is considered.

Nevertheless, while data reduction offers a promising way to improve this balance,
deciding exactly which data should be retained remains an open problem. Although
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the broader literature on efficiency-oriented data reduction explores a wide range of
sophisticated selection methods, sustainability-focused recommender-systems research
has so far concentrated mainly on relatively simple strategies, such as random removal
of interactions or the retention of only recent observations [18]. Although these methods
are inexpensive to apply, they do not explicitly account for the structural importance of
individual user-item interactions. Removing observations indiscriminately may change
the distribution of collaborative signals in the data, with possible consequences for less
active users and long-tail items. Temporal filtering can introduce a different problem.
Users whose histories lie mostly before a global cutoff may lose their entire profile,
making it impossible to ensure quality recommendations for them.

Coreset methods [12, 20, 9] offer an alternative. Rather than treating all observa-
tions as equally informative, a coreset attempts to retain a smaller subset that ap-
proximates relevant properties of the full dataset. In the recommendation setting, this
structure—aware coreset selection could preserve influential interactions while discard-
ing redundant ones, potentially yielding a more favorable balance between energy con-
sumption and recommendation quality than random or purely temporal reduction.
At the same time, computing such subsets may itself require costly matrix decom-
positions, clustering, gradient calculations or iterative optimization. A data reduction
method can therefore lower the cost of the subsequent training run while still increasing
the total footprint. Consequently, the effect of data reduction cannot be understood
solely through the reduced energy consumption during training. To properly assess the
sustainability trade-off, the data reduction rule, its impact on recommendation accu-
racy and the resulting user coverage, as well as the energy consumed during dataset
reduction and model training, must all be considered jointly.

In this work, we present a preliminary evaluation of conventional and structure-
aware data reduction strategies for recommender systems. Our evaluation includes user-
and item-based random reduction, user and global temporal filtering, coreset SVD-
based leverage sampling and cluster-based subset selection. The strategies are evaluated
on MovieLens-1M using three recommendation algorithms under a shared leave-one-out
split. Although inference is an important component of the broader system footprint,
this study focuses on preprocessing and training, the phases directly affected by the
construction and use of reduced training datasets.

This work makes two main contributions. First, it provides a comparison of ran-
dom, temporal, and structure-aware reduction strategies across three recommendation
models. Second, it demonstrates the importance of user coverage and selection overhead
when assessing whether data reduction constitutes an effective sustainability strategy.
More broadly, this work supports the development of sustainability-aware recommender
systems in which recommendation quality, coverage, and environmental cost are eval-
uated jointly rather than in isolation.

2 Related Work

Measuring environmental footprint of recommender systems. Recent research pro-
vides a broad view on quantifying and analyzing the environmental footprint of rec-
ommender systems. Spillo et al. [17] investigate the trade-off between accuracy and
training-induced carbon footprint of several SotA recommenders. Their results show
that the substantial increases in carbon emissions connected to training more sophis-
ticated recommenders are often followed by only marginal improvements in accuracy,
compared to simpler, less demanding approaches. Vente et al. [21] report a drastic in-
crease in the carbon footprint produced by the recommender systems research between
2013 and 2023. Reproducing experimental pipelines from a number of research papers
they confirm that energy-intensive deep learning based models often bring no gains in
accuracy over traditional approaches. Their paper calls for careful design of experimen-
tal pipelines to minimize unnecessary environmental impact. Schodl et al. [16] argue for
more holistic investigation of the environmental footprint produced by recommender
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systems. They show that a thoughtful design of the recommendation pipeline, e.g. lim-
iting the number of metrics computed during validation, can help notably decrease
associated energy consumption and, consequentially, carbon footprint. Additionally,
their break-even analysis reveals that choosing a more energy-intensive model may be
justified if it is efficient at inference time, given a sufficient number of inference cycles.

Data reduction in recommender systems. Data reduction has been studied in rec-
ommender systems for several purposes. Some works discuss data reduction for user
privacy and point out challenges of balancing it with recommendation fairness and ac-
curacy [13,2,10]. A large body of research is dedicated to data reduction for improving
model efficiency. The works mainly focus on developing coreset building techniques,
aiming to preserve properties essential for the recommendation task in a smaller ver-
sion of the original dataset, while considering more straightforward approaches, such as
data sampling, as baselines. Most of this literature targets training efficiency optimiza-
tion [9, 20, 3], with fewer works aimed at optimizing inference-time computation [8].
Recently, researches have begun investigating data reduction as a means to optimize
environmental footprint of recommender systems. Existing studies in this area, how-
ever, have mainly considered relatively simple reduction techniques. Spillo et al. [18]
investigate random sampling of ratings from user and item perspectives and temporal
interaction history splits, with global and user-specific cut-off points. Arabzadeh et
al. [1] consider the accuracy-footprint trade-off while sampling different proportions of
the training set.

To the best of our knowledge, prior work has not explicitly accounted for the energy
required to construct the reduced dataset, nor has it evaluated structure-aware coreset
reduction methods in the context of sustainable recommender systems. We address this
gap by comparing random and temporal methods with SVD-based coreset strategies,
while measuring preprocessing and training energy separately.

3 Methodology

Our experimental methodology is aimed at evaluating data reduction strategies from
both environmental and recommendation-quality perspectives®. Our analysis is guided
by the following research questions:

— RQ1. Impact on energy consumption. To what extent do different data re-
duction strategies affect the energy consumed during data preprocessing and model
training?

— RQ2. Impact on recommendation quality. How do different data reduction
strategies affect the recommendation performance of different recommendation al-
gorithms?

— RQ3. Energy-quality trade-off. What trade-offs between energy consumption
and recommendation quality emerge when data reduction is applied, and which
model-reduction combinations offer the most favorable balance?

Dataset and Experimental Split. We use MovieLens-1M [7], which contains
1,000,209 ratings provided by 6,040 users for 3,706 movies. MovieLens-1M provides a
practical starting point because it is a well-established and publicly available recom-
mendation benchmark, enabling reproducible experiments and comparison with prior
work. Its timestamped interactions support a realistic chronological evaluation, while
its scale is large enough to expose meaningful differences in computational cost without
making repeated energy measurements impractical. We treat each observed rating as
a positive user—item interaction and do not use its numerical rating value.

3 Code is available in the companion repository
https://github.com/herbakmarcell /herbak-recsogood2026.
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We perform a chronological leave-one-out split once on the complete, unreduced
dataset and reuse it across all reduction strategies and recommendation models. This
ensures that every experimental configuration is evaluated using the same validation
and test interactions. For each user, the most recent interaction is assigned to the
test set, the second most recent to the validation set, and all remaining interactions
constitute the training pool. Data reduction is applied exclusively to this training
pool, leaving the validation and test sets unchanged across reduction strategies and
preventing information leakage.

Data Reduction Strategies. We evaluate eleven reduction strategies plus the
unreduced baseline in the main comparison.

— Baseline. The complete unreduced training pool.

— User-based (—20%). Uniformly random removal of 20% of the interactions asso-
ciated with each user, following the random reduction family considered in [18].

— Item-based (—20%). Uniformly random removal of 20% of the interactions asso-
ciated with each item, following [18].

— User-temporal (last 300). Retention of each user’s 300 most recent interactions,
following the user-level temporal strategy considered in [18].

— Global-temporal (Sep 2000). Retention of training interactions occurring on or
after a fixed global cutoff date, following the global temporal strategy considered
in [18].

— Global-temporal min-k (Sep 2000).This variant applies the same global tem-
poral cutoff while ensuring that each user retains at least three training interac-
tions. It allows us to separate genuine ranking degradation from losses caused by
users becoming unevaluable because either the user or the held-out item is not
represented in the reduced training data.

— Coreset-Leverage (—20%/ — 30%). A coreset is a carefully selected subset of
the original data that aims to preserve the information most relevant to the learn-
ing task, allowing a model trained on the subset to approximate the behavior
of one trained on the full dataset. In our implementation, all coreset strategies
first embed the user-item interaction matrix into a lower-dimensional latent space
using Truncated SVD (k=50). In this strategy, interactions are then sampled with-
out replacement with probability proportional to their leverage scores computed
from these singular vectors. This aims to retain interactions that contribute most
strongly to the dataset’s low-rank structure, approximately preserving its spectral
norm [4].

— Coreset-Cluster (—20%/ — 30%). Interactions are embedded in the same SVD
latent space by summing the corresponding user and item embeddings, and then
partitioned into 500 K-Means clusters. Within each cluster, interactions are sorted
by distance to the centroid, and those nearest to the center are retained to form a
representative subset of average behavior [5].

— Coreset-Cluster-Outlier (—20%/ — 30%). This strategy applies the same SVD
embedding and K-Means clustering as Coreset-Cluster but reverses the selection
rule. Instead of retaining the nearest points, it retains the interactions farthest from
each cluster centroid. This tests whether atypical interactions carry complementary
collaborative signal that is not represented by centroid-nearest observations.

Recommendation Models. For each data reduction strategy, we train three rec-
ommendation models using Cornac [15]. BPR [14] is configured with a latent dimension
of k=64, 50 training epochs, a learning rate of 1072 and /> regularization of 107
MultiDAE [11] is implemented as Cornac’s VAECF model with =0, using k=64, a
hidden-layer size of 600, 50 epochs and a batch size of 256. Finally, EASE [19] is a
closed-form linear item-item model with regularization parameter A=>500.
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We adopt Cornac rather than RecBole, which has been used in several Green
RecSys studies, to broaden the empirical evidence beyond a single recommendation
framework. Cornac provides a lightweight and transparent experimental interface, fa-
cilitating the consistent integration and evaluation of the selected models and data
reduction strategies. Since recommendation libraries may differ in implementations,
default hyper-parameters, negative-sampling procedures and evaluation bookkeeping,
absolute energy and performance values should not be compared directly with RecBole-
based results. Instead, our experiments provide complementary evidence on whether
previously observed sustainability patterns also hold within a different implementation
ecosystem.

Hardware and Energy Measurement. All experiments were conducted on a
single workstation equipped with an AMD Ryzen 9 5900X 12-core CPU (24 threads),
32GB RAM and an NVIDIA GeForce RTX 4060 GPU, running Windows 11 and
Python 3.12.7. The three recommendation models used in the study are CPU-bound,
consequently, the GPU was not involved in model training or inference.

Energy consumption was estimated using CodeCarbon 3.2.7 [6] in machine tracking
mode. Measurements were collected separately for two phases of each strategy—model
configuration: preprocessing (corresponding to the application of the data reduction
strategy), and training. For operations shorter than CodeCarbon’s power-sampling
interval, which commonly occurred for inexpensive reduction strategies, energy was
estimated from wall-clock duration using a fixed CPU Thermal Design Power of 65 W.
We report the raw estimated energy consumption rather than converting it into CO2-
equivalent emissions, thereby avoiding assumptions about the carbon intensity of the
electricity supply [16].

These measurements should be interpreted as estimates of computational footprint
rather than precise device-level energy consumption. First, CodeCarbon’s machine
mode attributes the estimated consumption of the entire workstation to the run-
ning experiment and therefore does not isolate background processes. Second, 93%
of the estimated energy was attributed to RAM through CodeCarbon’s constant 20 W
capacity-based model rather than direct measurement. As a result, the reported val-
ues are strongly correlated with wall-clock duration and primarily reflect differences in
computational overhead across experimental configurations.

Evaluation Protocol. Recommendation quality is evaluated using sampled-negative
Recall@10 and nDCG@10. For each test user, the held-out interaction is ranked against
100 items sampled uniformly from the corresponding model’s training-item set, exclud-
ing items previously observed by that user. As some reduction strategies remove items
from the training data, the candidate set may differ across configurations, and the re-
sulting ranking tasks are therefore not perfectly identical. Moreover, users for whom
either the user profile or the held-out item is absent from the reduced training data
cannot be scored directly. To preserve comparability, these users are assigned a score
of zero, and all metrics are averaged over the same fixed set of test users.

4 Results

4.1 RQ1. Impact on energy consumption

We first examine how the different data reduction strategies affect the size and com-
position of the training data. As shown in Table 1, the random and —20% coreset
strategies retain approximately 800,000 ratings, while the —30% coreset variants retain
approximately 700,000 ratings. User-temporal reduction removes 21.5% of the ratings,
whereas the global temporal cutoff produces the largest reduction, removing 40.6%.
The strategies also differ in their effects on users and items. Most preserve all 6,040
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Table 1. Statistics of the leave-one-out training pool after applying each data reduc-
tion strategy. The table reports the retained numbers of users, items, and interac-
tions, together with the percentage reduction in interactions relative to the unreduced
training-pool baseline.

Strategy Users Items Interactions A Ratings Evaluable users (%)
Baseline 6,040 3,706 988,129 - 99.99%
User-based (—20%) 6,040 3,677 792,921 —19.75% 99.99%
Item-based (—20%) 6,040 3,706 791,977 —19.85% 99.99%
User-temporal (last 300) 6,040 3,671 774,591 —21.61% 99.99%
Global-temporal (Sep 2000) 3,912 3,659 586,646 —40.63% 64.17%
Global-temporal min-k (Sep 2000) 6,040 3,660 593,177 —39.96% 99.99%
Coreset-Leverage (—20%) 6,040 3,623 790,503 —20.00% 99.99%
Coreset-Leverage (—30%) 6,040 3,583 691,690 —30.00% 99.99%
Coreset-Cluster (—20%) 6,040 3,696 790,502 —20% 99.99%
Coreset-Cluster (—30%) 6,040 3,691 691,669 —30.00% 99.99%
Coreset-Cluster-Outlier (—20%) 6,040 3,668 790,503 —20.00% 99.99%
Coreset-Cluster-Outlier (—30%) 6,040 3,638 691,665 —30.00% 99.99%

users, but the unprotected global-temporal cutoff removes the complete history of 2,128
users whose interactions precede September 2000. Accordingly, all strategies retain an
evaluable-user rate of approximately 99.9%, except Global-temporal (Sep. 2000), for
which only 64.2% of test users remain evaluable. Global-temporal min-k (Sep. 2000)
restores all users by retaining only 6,531 additional ratings, while still reducing the
dataset by approximately 40%. Strategies with equivalent rating-reduction targets also
preserve the item catalog differently. For example, at —20%, Coreset-Cluster reduction
retains 3,696 items, compared with 3,623 for Coreset-Leverage. Thus, the percentage
of removed ratings alone does not fully characterize the effects of a reduction strategy.

Figure 1 reports the energy consumed by data processing and a model-training run
for each strategy—model combination. The stacked bars distinguish the energy required
to load and reduce the data from the energy required to train the recommender. The
results show that data reduction cannot be assumed to be cost-free or necessarily
energy-saving. Its overall benefit depends on whether the decrease in training energy
compensates for the cost of constructing the reduced dataset.

For BPR, all user- and item-random, temporal, and Coreset-Leverage strategies
consume less total energy than the full-data baseline. Global-temporal reduction pro-
duces the largest saving, decreasing total energy by 40.2%. For Global-temporal, apply-
ing the minimum-history safeguard increases preprocessing energy, but the resulting
configuration still consumes 27.6% less than the baseline. The remaining user- and
item- random, user-temporal, and Coreset-Leverage strategies provide savings ranging
from 9.0% to 20.2%.

Results are less uniform for MultiDAE. Global-temporal reduction decreases total
energy by approximately 37.06%, while user-based and Coreset-Leverage at —30% re-
ductions provide savings of approximately 19.11% and 18.63%, respectively. Item-based
and user-temporal reduction yield smaller savings of approximately 6.07% and 9.25%,
while the Global-temporal with minimum-history safeguard reduces total energy by
only 2.66%. By contrast, Coreset-Leverage at —20% consumes approximately 0.91%
more energy than the baseline, indicating that a reduction in dataset size does not
necessarily translate into an immediate reduction in total energy.

For EASE, whose full-data training cost is substantially lower, preprocessing con-
stitutes a larger share of the total energy consumption. User-temporal and global-
temporal reduction decrease total energy by approximately 20.12% and 14.26%, re-
spectively, while user-based reduction is approximately equivalent to the baseline, with
a small increase of 2.59%. Item-based reduction, the global-temporal with minimum-
history temporal variant, and both Coreset-Leverage strategies consume more energy
than training EASE on the full dataset. Consequently, even a relatively small prepro-
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Fig.1. Energy consumption of data processing and a model-training run for each
reduction strategy across the three recommendation models. Stacked bars separate the
energy required to load and reduce the data from the energy consumed during training.

cessing overhead can offset the training savings of an already efficient recommendation
model.

Coreset-Cluster strategies show the clearest effect of reduction overhead, with data
processing dominating their total energy consumption. They increase the total en-
ergy consumed by approximately 73.34%-151.53% for BPR and 72.59%-124.57% for
MultiDAE. Their relative impact is even greater for EASE, for which total energy
consumption is approximately 8.1 to 12.5 times that of the baseline. Coreset-Cluster-
Outlier, which retains cluster outliers rather than centroid-nearest interactions, does
not eliminate this overhead and produces similarly high energy requirements.

Overall, results answer RQ1 by showing that the impact of data reduction on energy
consumption is jointly determined by the selection procedure and the recommendation
model. Inexpensive random and temporal strategies can translate reduced dataset size
into lower total energy, while more computationally demanding coreset construction
may offset or exceed the savings obtained during training. This is particularly im-
portant for efficient recommendation models, for which preprocessing can represent a
substantial portion of the overall footprint.

4.2 RQ2. Impact on recommendation quality

Table 2 reports Recall@10 and nDCG@10 for each reduction strategy and recommen-
dation model. Overall, the effect of data reduction is broadly consistent across model
families. Coreset-Leverage preserves recommendation quality most effectively, whereas
item-based random reduction causes the largest degradation. Nevertheless, the magni-
tude of the effect varies by model and reduction level, indicating that the number of
retained interactions alone does not determine recommendation performance.
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Table 2. Training energy and recommendation quality for each strategy—model con-
figuration. A Train reports the percentage change in training energy relative to the
corresponding full-data baseline, while A Total includes both preprocessing and a train-
ing run. Negative values indicate energy savings and positive values indicate increased
consumption. An asterisk marks a statistically significant difference in Recall@10 or
nDCG@10 relative to the baseline according to a paired Wilcoxon signed-rank test
(p < 0.05).

Model Strategy Train (kWh) A Train (%) A Total (%) Recall@10 nDCG@10
Baseline 0.00020 - - 0.3300 0.1693
User-based (—20%) 0.00016 —18.78 —14.92 0.3114 0.1543"
Item-based (—20%) 0.00017 —16.37 —12.81 0.1286" 0.0617"
User-temporal (last 300) 0.00016 —19.38 —18.75  0.2800°  0.1399"
BPR Global-temporal (Sep. 2000) 0.00012 —39.67 —40.15 0.2308" 0.1178"
Global-temporal min-k (Sep. 2000) 0.00012 —38.39 —27.56 0.3119 0.1583"
Coreset-Leverage (—20%) 0.00016 —19.10 —9.04  0.3273"  0.1662"
Coreset-Leverage (—30%) 0.00014 —29.07 —20.19 0.3232  0.1557"
Coreset-Cluster (—20%) 0.00017 —13.17 +151.53 0.3040 0.1543"
Coreset-Cluster (—30%) 0.00014 —29.84 +73.34 0.3010 0.1531"
Coreset-Cluster-Outlier (—20%) 0.00016 —18.00 +132.23 0.3172  0.1580"
Coreset-Cluster-Outlier (—30%) 0.00015 —26.62 +90.21 0.2950 0.1441"
Baseline 0.00026 - - 0.2962 0.1686
User-based (—20%) 0.00020 —22.13 —19.11  0.2651"  0.1439"
Item-based (—20%) 0.00023 —8.77 —6.07  0.1331"  0.0682"
User-temporal (last 300) 0.00023 —9.67 —9.25 0.2570" 0.1495"
MultiDAE Global-temporal (Sep. 2000) 0.00016 —36.66 —37.06 0.1944" 0.1079"
Global-temporal min-k (Sep. 2000) 0.00023 —10.84 —2.67 0.2821 0.1507"
Coreset-Leverage (—20%) 0.00024 —6.79 +0.91  0.3056°  0.1693"
Coreset-Leverage (—30%) 0.00019 —25.48 —18.63 0.2957 0.1620"
Coreset-Cluster (—20%) 0.00025 —2.90 +124.57  0.2613"  0.1447"
Coreset-Cluster (—30%) 0.00024 —7.13 +72.59  0.2530"  0.1417"
Coreset-Cluster-Outlier (—20%) 0.00024 —7.65 +108.61 0.2795 0.1523"
Coreset-Cluster-Outlier (—30%) 0.00024 —4.47 +85.83 0.2702  0.1442"
Baseline 2.6e—5 - - 0.3305 0.1831
User-based (—20%) 2.0e—5 —25.00 +2.59 0.3152 0.1607"
Item-based (—20%) 2.5¢—5 —6.62 +17.71  0.1356"  0.0687"
User-temporal (last 300) 2.0e—5 —24.93 —20.12  0.2820"  0.1496"
EASE Global-temporal (Sep. 2000) 2.4e—5 —8.71 —14.26 0.2329" 0.1292"
Global-temporal min-k (Sep. 2000) 2.2e—5 —17.30 +57.38 0.3051 0.1664"
Coreset-Leverage (—20%) 2.0e—5 —22.55 +48.49 0.3341" 0.1769"
Coreset-Leverage (—30%) 2.0e—5 —25.58 +36.70 0.3132 0.1626"
Coreset-Cluster (—20%) 2.3e—5 —11.32 +1147.78 0.3094 0.1654"
Coreset-Cluster (—30%) 2.2e—5 —17.15 +708.17 0.2992  0.1578"
Coreset-Cluster-Outlier (—20%) 2.4e—5 —9.59 +1047.21 0.3136 0.1656"
Coreset-Cluster-Outlier (—30%) 2.5e—5 —4.46 +816.27 0.2801 0.1418"

Among the simple strategies, user-based random reduction produces relatively mod-
erate losses. Recall@10 decreases by 4.62% for EASE, 5.63% for BPR and 10.49% for
MultiDAE relative to their respective baselines. The corresponding nDCG@10 reduc-
tions range from 8.9% to 14.7%. By contrast, item-based reduction removes approx-
imately the same proportion of ratings, but decreases Recall@10 by 55.06%—-61.03%
and nDCG@10 by 59.54%63.55%. These differences are statistically significant. This
suggests that uniformly removing interactions from each item damages the collabora-
tive signal throughout the user population, rather than affecting only users with sparse
histories.

User-temporal reduction also leads to consistent performance degradation, reducing
Recall@10 by approximately 13.23%-15.15% across the three models. Differences are
statistically significant. Global-temporal cutoff produces larger losses of approximately
29.53%-34.36% in Recall@10. However, this result is strongly influenced by the removal
of the complete training histories of 2,128 users. Introducing the minimum-history
safeguard substantially narrows the Recall@10 gap to —4.76% for MultiDAE, —5.48%
for BPR and —7.68% for EASE. nDCG@10 similarly improves, showing that much of
the degradation observed for the original global cutoff is attributable to coverage loss
rather than to poorer rankings for users who remain evaluable.
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Fig. 2. Energy—quality trade-off across recommendation models and data reduction
strategies. The x-axis reports total energy consumption for preprocessing and a single
training run on a logarithmic scale, while the y-axis reports Recall@10. Colors identify
recommendation models, marker shapes identify reduction strategies, and the dashed
line indicates the global Pareto frontier. Configurations closer to the upper-left provide
a more favorable balance.

Coreset-Leverage preserves the baseline most closely. At —20%, Recall@10 differs
from the baseline by only —0.81% for BPR, +3.17% for MultiDAE and +1.09% for
EASE. nDCG@10 remains within 3.36% of the baseline for all three models. Even
at —30%, Recall@10 remains within —5.23% of full-data performance. These results
suggest that leverage-score sampling preserves the collaborative structure of the original
data more effectively than the other reduction strategies considered.

Coreset-Cluster is less effective than Coreset-Leverage. Coreset-Cluster variants
reduce Recall@10 by approximately 6.38%-11.78% at —20% and by 8.78%-14.58% at
—30%. Coreset-Cluster-Outlier improves the —20% results for all three models, but
the pattern is not consistent at —30%, as Coreset-Cluster-Outlier improves MultiDAE
while reducing performance for BPR and EASE. Reversing the cluster-selection rule
therefore provides no systematic advantage.

Overall, RQ2 shows that recommendation quality depends more strongly on which
interactions are removed than on the reduction rate alone. Coreset-Leverage can re-
move up to 30% of the ratings while largely preserving recommendation performance,
whereas an equally sized item-based reduction severely degrades both Recall@10 and
nDCG@10. Global-temporal reduction can also remain competitive when minimum
user coverage is explicitly protected.

4.3 RQ3. Energy-quality trade-off

Figure 2 jointly compares recommendation quality and the total energy required for
data preprocessing and a model-training run. As improving one objective may come at
the expense of the other, we use Pareto analysis to identify configurations that offer
the best attainable compromises without assigning an arbitrary weight to either energy
consumption or recommendation quality. A configuration is Pareto-optimal when no
alternative achieves equal or higher recommendation quality while consuming equal or
less energy.
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Results indicate that model choice has a stronger influence on the global energy—
quality trade-off than the reduction strategy alone. For Recall@10, every configuration
on the global Pareto frontier shown in Figure 2 uses EASE. An analogous analysis based
on nDCG@Q10 leads to the same model-level conclusion. The baseline full-data EASE
model achieves the highest nDCG@10 in the study and nearly the highest Recall@10,
while consuming substantially less energy than BPR and MultiDAE. Thus, selecting
an inherently efficient recommendation model can yield a greater benefit than reducing
the training data of a more computationally demanding model.

For Recall@10, the global frontier contains three EASE configurations. User-temporal
reduction is the lowest-energy solution, reducing total energy by approximately 20.1%
relative to the EASE baseline, but also decreasing Recall@10 by 14.7%. At the system
level, the full-data EASE configuration offers a particularly strong balance between
energy consumption and recommendation quality, while the other EASE configura-
tions on the Pareto frontier represent alternatives that prioritize either lower energy or
slightly higher Recall@10. Coreset-Leverage at —20% obtains the highest observed Re-
call@10, but improves it by only 1.1% while increasing total energy by approximately
48.5% because of its preprocessing overhead.

Within the more computationally demanding model families, leverage sampling
provides useful compromises. For BPR, Coreset-Leverage at —20% reduces total energy
by approximately 9.0% while decreasing Recall@10 and nDCG@10 by only 0.8% and
1.8%, respectively. At —30%, it reduces energy by 20.2%, with a 2.1% Recall@10 loss
but a larger 8.0% decrease in nDCG@10. For MultiDAE, Coreset-Leverage at —30%
offers the most favorable within-model balance, lowering total energy by 18.6% while
preserving Recall@10 almost entirely and reducing nDCG@10 by 3.9%.

The global-temporal configurations illustrate why energy and accuracy values must
also be interpreted alongside coverage. The original cutoff has the lowest energy con-
sumption within the BPR and MultiDAE families, but only 64.2% of test users remain
evaluable. More than one third of the users therefore receive a score of zero because
their complete training history was removed, rather than because the model failed to
rank their held-out item correctly. The minimum-history safeguard variant restores
user coverage and provides a more meaningful compromise. For BPR, it reduces total
energy by 27.6% while decreasing Recall@10 by 5.5% and nDCG@10 by 6.5%.

By contrast, item-based random reduction does not provide a favorable trade-off.
Although it lowers training energy, it reduces Recall@10 by more than half across all
models. This pattern is consistent with item-based removal potentially weakening the
limited collaborative signal available for sparse and long-tail items. The Coreset-Cluster
strategies are also dominated, as their preprocessing overhead substantially increases
total energy while their recommendation quality remains below both the baseline and
leverage-based alternatives.

Overall, RQ3 shows that reducing the size of the training data does not automat-
ically improve the energy—quality balance. The most favorable configurations combine
an efficient recommendation model with a data reduction strategy that preserves in-
formative interactions at low construction cost. Coreset-Leverage offers the strongest
within-model trade-offs for BPR and MultiDAE, but at the system level the full-data
EASE configuration provides the most favorable overall balance between energy con-
sumption and recommendation quality.

5 Conclusions

This work investigated how random, temporal, and coreset structure-aware data re-
duction strategies affect the energy consumption and recommendation quality of rec-
ommender systems. Results show that model choice has a stronger effect on the global
energy—quality balance than data reduction alone. Coreset-Leverage preserves full-data
recommendation quality more closely than the other reduction strategies, whereas item-
based reduction causes substantial performance losses. Global-temporal reduction can
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provide meaningful energy savings, but requires a minimum-history safeguard to avoid
excluding users. Finally, the high construction cost of the cluster-based coreset strate-
gies demonstrates that data reduction cannot be assumed to be cost-free. Overall, sus-
tainable data reduction requires more than removing interactions. It requires jointly
considering which data are retained, which model is trained, whether user coverage
remains sufficient, and whether the training-energy savings outweigh the cost of con-
structing the reduced dataset.

Several limitations define directions for future work. First, the present results rely
primarily on single-seed evaluations and are therefore sensitive to run-to-run varia-
tions*. Future work should conduct multi-seed experiments and report confidence in-
tervals to determine whether the observed Pareto improvements and differences be-
tween reduction strategies are statistically reliable. Second, the sampled-negative pool
is currently drawn from each strategy’s retained item set. Since some reductions re-
move more items than others, the resulting ranking tasks are not perfectly comparable.
Future evaluations should use a shared global negative-item pool so that all strategies
are assessed under the same ranking conditions, complemented with a full-ranking
approach. Third, energy measurements are based on CodeCarbon in machine-tracking
mode and are strongly influenced by runtime, Thermal Design Power assumptions, and
constant estimates of RAM consumption. Consequently, the reported values should be
interpreted as estimated energy footprints rather than precise device-level measure-
ments. Future studies should complement software-based tracking with hardware-level
sensors or with external physical power meters.

Finally, the empirical comparison should be broadened across datasets, hardware
environments, recommendation models and recommendation frameworks. While much
of the existing Green RecSys literature relies on RecBole, our use of Cornac expands
the evidence beyond a single software ecosystem and helps assess whether previously
observed patterns generalize across implementations. Future work should conduct a
controlled cross-framework comparison between Cornac, RecBole and other recom-
mendation libraries (e.g., Elliot), aligning datasets, splits, hyper-parameters, evalua-
tion protocols and hardware conditions. Such an analysis would help distinguish general
properties of recommendation algorithms from effects introduced by particular imple-
mentations and library defaults. Further extensions should quantify the energy cost
of hyper-parameter tuning and investigate how data reduction affects non-accuracy
dimensions such as recommendation diversity, catalog coverage and popularity bias.
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