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Abstract

Machine unlearning (MU) enables the removal of selected training
data from models to address privacy compliance, security, and li-
ability issues in recommender systems. Existing MU benchmarks
poorly reflect real-world recommender settings: they focus primar-
ily on collaborative filtering, assume unrealistically large deletion
requests, and overlook practical constraints such as sequential un-
learning and efficiency. We present ERASE, a large-scale bench-
mark for MU in recommender systems designed to align with real-
world usage. ERASE spans three core tasks—collaborative filtering,
session-based recommendation, and next-basket recommendation—
and includes unlearning realistic scenarios such as sequentially re-
moving sensitive interactions or spam. The benchmark covers seven
unlearning algorithms, including general-purpose and recommender-
specific methods, across nine public datasets and nine state-of-the-
art models, producing over 600 GB of reusable artifacts, such as
extensive logs and over a thousand model checkpoints. The arti-
facts that we release enable systematic analyses of where current
unlearning methods succeed and where they fail. ERASE shows
that approximate unlearning matches retraining in some settings,
but robustness varies widely across datasets and architectures. Re-
peated unlearning exposes weaknesses in general-purpose meth-
ods, especially for attention-based and recurrent models, while
recommender-specific approaches behave more reliably. ERASE
offers an empirical basis for the community to assess, drive, and
track progress toward practical MU in recommender systems.

CCS Concepts

• Computing methodologies→ Machine learning; • Informa-

tion systems→ Recommender systems; • Security and pri-

vacy→ Human and societal aspects of security and privacy.
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1 Introduction

Modern recommender systems rely heavily on user interaction
data, such as clicks, ratings, and purchases, to build personalized
models. Personalization enhances the user experience, but at the
same time makes it challenging to adhere to privacy rights such
as the “right-to-be-forgotten” from the GDPR [14] regulation in
Europe and similar regulations adopted outside Europe [3, 46].
These regulations mandate that responsible, ethical, and legally
compliant AI systems give their users the right to request the timely
deletion of their personal data from databases andmodels trained on
it [43, 44]. Being able to efficiently remove data from models is also
important for security, e.g., to quickly react to spam interactions [2,
34], unintended data leakage [5], and to handle liability issues, for
example when a model consumed copyrighted content [57].
Machine unlearning. The outlined challenges give rise tomachine
unlearning (MU), the problem of efficiently removing the influence
of selected training data points from a machine learning model
post training. Modern machine learning models are known to en-
code information about their training data, ranging from statistical
influence to explicit memorization of individual examples [6, 60].
After unlearning data points, there should be no information about
these points present in the model; it should behave as if they had
never been in the training set. Machine unlearning is an active
and growing area of research [4, 15, 22, 42, 49, 54, 55]. However,
the evaluation of unlearning algorithms is especially challenging
since multiple aspects, such as model utility after unlearning, the
amount of information about the unlearned data still contained in
the model, and efficiency, have to be considered simultaneously.
Shortcomings of existing benchmarks for unlearning in rec-

ommender systems. While MU has been studied broadly across
machine learning tasks [47], recommender systems pose distinct
challenges. Recommendation models are trained on large-scale,
highly sparse user–item interaction data, are frequently updated,
and often rely on sequential or graph-based architectures. Unlearn-
ing requests in recommender systems typically arrive continuously
and must be handled under strict latency and cost constraints.
Current unlearning benchmarks like CURE4Rec [8] do not suf-
ficiently address the real-world demands of unlearning in recom-
mender systems (Section 3). They focus on collaborative filtering
(CF) [17, 36, 37, 39, 56], overlooking tasks that are common in
e-commerce and entertainment platforms, such as session-based
recommendation (SBR) [18, 23, 25, 29, 45, 53] and next-basket rec-
ommendation (NBR) [13, 20, 21, 35, 38, 58]. Existing benchmarks
simulate unlearning by deleting large chunks of data—up to 5% of
all interactions—whereas actual systems face continuous, small-
scale deletion requests, in-between regular retraining cycles. The
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choice of data to unlearn is also misrepresented: rather than being
random, real scenarios often evolve around specific types of con-
tent, like interactions with sensitive items [40] or interactions from
spammers [2]. Promising general-purpose unlearning algorithms,
e.g., from the NeurIPS’23 unlearning competition [47], remain un-
derexplored for recommendation-specific applications. Operational
efficiency [26] is another overlooked factor: unlearning must be
fast, inexpensive, and ideally executable directly on deployed mod-
els [42]. The unlearning procedures in CURE4Rec [8] are only an
order of magnitude faster than retraining, which is not attractive
for real-world deployment. These limitations align with feedback
that we gathered through interviews with senior team leaders at
European companies operating recommender systems with mil-
lions of users. They report that data deletion requests are currently
only reflected after weekly or monthly retraining cycles (and re-
training itself can take up to a day), and expressed concerns about
whether existing unlearning methods would be efficient enough
for deployment.
ERASE - A real-world aligned benchmark for unlearning in

recommender systems. We present ERASE, a real-world aligned
benchmark for unlearning in recommender systems, building on
our prior work from FAccTRec’25 [33]. We formulate four guid-
ing questions to address shortcomings of existing benchmarks and
describe our design decisions in Section 4. We cover NBR and
SBR in addition to CF. For each task, we include multiple models,
unlearning scenarios, and datasets. We consider approximate un-
learning algorithms for neural recommendation models [32], graph
neural networks (GNNs) [11, 51, 52], and methods adapted from
the NeurIPS’23 unlearning competition [47]. Unlike existing bench-
marks, ERASE issues small unlearning requests sequentially instead
of unlearning a single forget set at once, reflecting domain-specific
and time-sensitive requests. The unlearned models are evaluated
based on retained utility, unlearning effectiveness, and computa-
tional efficiency.
Contributions. Our contributions are as follows:
• We identify shortcomings of existing unlearning benchmarks and
design ERASE, a real-world aligned benchmark for unlearning
in recommender systems. ERASE covers three recommendation
tasks using two unlearning scenarios with seven unlearning
algorithms across nine datasets and nine state-of-the-art models.
• We run ERASE to produce an extensive number of reusable arti-
facts, enabling researchers to evaluate new unlearning algorithms
without additional training of recommenders. We illustrate the
value of these artifacts for assessing the current state of knowl-
edge regarding MU for recommender systems.
• We provide our benchmark code, reusable artifacts, and usage
guides under an open license at https://github.com/deem-data/
erase-bench.

2 Background on Machine Unlearning

Machine unlearning removes the influence of specific data from
a trained model. Formally, let 𝐷 be the training dataset, A be a
training algorithm,𝑈 be an unlearning algorithm, 𝐷 𝑓 ⊆ 𝐷 be the
forget set, and𝐷𝑟 = 𝐷\𝐷 𝑓 be the retain set.𝑈 is an exact unlearning

algorithm iff for all measurable 𝑇 ⊆ H :

P(A(𝐷𝑟 ) ∈ 𝑇 ) = P(𝑈 (A(𝐷), 𝐷𝑟 , 𝐷 𝑓 ) ∈ 𝑇 ), (1)

where H is the hypothesis space. The unlearned model should
match the distribution of a model retrained from scratch on 𝐷𝑟 . For
approximate unlearning, 𝑈 is a (𝜀, 𝛿)-unlearning algorithm iff for
all measurable 𝑇 ⊆ H :

P(A(𝐷𝑟 ) ∈ 𝑇 ) ≤ exp(𝜀) P(𝑈 (A(𝐷), 𝐷𝑟 , 𝐷 𝑓 ) ∈ 𝑇 ) + 𝛿 (2)

and

P(𝑈 (A(𝐷), 𝐷𝑟 , 𝐷 𝑓 ) ∈ 𝑇 ) ≤ exp(𝜀) P(A(𝐷𝑟 ) ∈ 𝑇 ) + 𝛿, (3)

with 𝜀 ∈ [0,∞), 𝛿 ∈ [0, 1) [47]. This formulation is conceptually
similar to differential privacy [24], but differs in what is being
varied: instead of comparing neighboring datasets, we compare
different training procedures. Intuitively, retraining from scratch
on 𝐷𝑟 provides a gold standard for unlearning, as it guarantees that
no information from 𝐷 𝑓 is retained. However, retraining is com-
putationally expensive. The above definition therefore quantifies
how closely an unlearning algorithm approximates this ideal by
bounding the multiplicative and additive deviation between the
distributions over models produced by retraining and unlearning.
In this view, a perfect unlearning algorithm induces the same distri-
bution over the hypothesis space as retraining, assigning the same
probabilities to all (measurable) subsets of models.

The multiplicative factor exp(𝜀) is used instead of 𝜀 to align with
the standard formulation in differential privacy and to yield an
additive interpretation in log-probability space. In particular, for
random variables 𝐴, 𝐵, the bound

P(𝐴) ≤ exp(𝜀)P(𝐵)

is equivalent to
log P(𝐴) ≤ log P(𝐵) + 𝜀,

so that 𝜀 can be interpreted as an additive deviation between log-
probabilities. Lower 𝜀 and 𝛿 values indicate stronger unlearning
guarantees. (0, 0)-unlearning is equivalent to exact unlearning.

3 Motivation for a New Benchmark

We argue that existing unlearning benchmarks for recommender
systems, such as CURE4Rec [8], fail to reflect real-world recom-
mendation scenarios.
Lack of coverage of diverse recommendation tasks. In CURE4Rec [8],
the only recommendation task considered is collaborative filtering.
But the field of recommendation is much broader. There are many
sequential recommendation tasks, which make use of temporal
information to model the development of a user’s preferences over
time. Important real-world applications of such tasks include e-
commerce and retail, which are typically domains of SBR [18, 23,
25, 29, 45, 53] and NBR [13, 20, 21, 35, 38, 58]. A comprehensive
unlearning benchmark should also cover these tasks.
Lack of domain-specific patterns in interactions to unlearn. In some
domains, interactions to unlearn follow clear patterns, such as re-
moving sensitive items (e.g., alcohol for users with addiction [40,
41]) or filtering malicious actors like spammers [2]. Current bench-
marks do not account for such domain-specific unlearning patterns.
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Figure 1: Overview of ERASE. 1 Each experiment first trains a task-specific model on a chosen dataset 2 . A sequence of

unlearning requests is defined 3 (based on a scenario), and an unlearning algorithm is applied repeatedly 4 . Finally, the

unlearned model is evaluated for utility, efficiency, and effectiveness 5 , in comparison to a model retrained on the retain set.

Unrealistic forget set sizes. In real-world settings, unlearning re-
quests typically arrive as many small updates over time, for ex-
ample when users withdraw consent for personalization [42] or
when security teams remove spam users. Such requests should be
handled with low latency, ideally within seconds. However, exist-
ing benchmarks focus on a single, unrealistically large unlearning
request. For example, the NeurIPS’23 unlearning competition [47]
and CURE4Rec [8] benchmarks remove up to 5% of the data at once.
In practice, since models are retrained periodically anyway (e.g.,
weekly [1] or monthly [9]), unlearning is most useful for efficiently
removing small batches of data between retraining cycles.
Insufficient focus on efficiency. Unlearning needs to be executed
fast and with no or negligible utility loss. In CURE4Rec [8], the
runtime of unlearning is only about one order of magnitude lower
than retraining from scratch, which is not efficient enough for real-
world use cases. Models are often trained for a day, according to
our interviews, so reducing the time needed for carrying out the
unlearning request to seconds or minutes requires a decrease of at
least three orders of magnitude.
Insufficient coverage of available unlearning algorithms. The only
approximate unlearning method in CURE4Rec is SCIF [32], which
conducts a single second-order parameter update. However, the
NeurIPS’23 unlearning competition [47] contains several high-
scoring first-order iterative approaches to unlearning, which also
need to be evaluated for recommendation tasks.

4 The ERASE Benchmark

Design criteria. To address the shortcomings of existing bench-
marks and arrive at a wishlist for MU benchmarks for recommender
systems, we pose the following guiding questions:
What is the unlearning effectiveness of approximate unlearning meth-
ods? Due to a lack of work on evaluating approximate unlearning
across different recommendation tasks and scenarios, an overview
of the performance of these methods is still missing in literature.

Does approximate unlearning approach achieve robust, consistent
performance across CF, SBR, and NBR recommendation tasks? Our
preliminary work [33] indicates that unlearning algorithms are
highly sensitive to hyperparameter choices. Different unlearning
algorithms also have different ways to remove data from the model.
An approach with robust performance across multiple tasks and
scenarios is desirable. It is an open question whether any single
method achieves consistently strong performance across tasks, or
whether effective unlearning requires careful hyperparameter and
algorithm selection per task.
How does model architecture influence approximate unlearning ef-
fectiveness in recommendation systems? Model architecture plays
a central role in determining a model’s learning capacity and the
representations it acquires. Hence, it is crucial to understand how
unlearning effectiveness differs across architecture families and
whether architecture-specific unlearning methods outperform gen-
eral approaches.
Do current approximate unlearning algorithms achieve sufficient effi-
ciency for real-world deployment? Efficiency is critical for MU: an
approximate method with runtime comparable to full retraining
offers little practical value.
These questions guide the design of a real-world aligned bench-
mark for unlearning in recommender systems: (i) task settings
(models and datasets), (ii) training setups, (iii) unlearning scenarios,
and (iv) evaluation facilities. Figure 1 provides an overview of the
resulting ERASE benchmark.
Recommendation tasks andmodels. We consider a diverse set of
recommendation tasks and representative models. For collaborative
filtering (CF), we include classic matrix factorization [37] as well as
two graph-based approaches, LightGCN [17] and SGL [50]. To cover
session-based recommendation (SBR), a key task in applications
such as next-item prediction in e-commerce and music streaming,
we evaluate two recurrent models, GRU4Rec [45] and NARM [29], the
attention-based model SASRec [25], and the graph-based model
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Table 1: Choice of datasets across recommendation tasks for ERASE. All datasets are publicly available.

Dataset Domain Task #Users/Sessions #Items #Interactions Available at

TaFeng [10] Grocery shopping NBR 32,266 23,812 817,741 Kaggle
Dunnhumby [12] Retail shopping NBR 2,500 92,339 2,595,732 dunnhumby.com
Instacart [27] Grocery shopping NBR 19,435 13,897 3,346,083 GitHub
RSC15 [18] E-commerce interactions SBR 9,249,729 52,739 33,003,944 Kaggle
Books [19] Amazon book reviews SBR 10,300,000 4,400,000 29,500,000 GitHub
30music [48] Music streams SBR 2,764,474 5,600,000 31,351,954 Remap Lab
NowP [59] Music on social media SBR 738,200 3,734,862 1,291,251,677 Zenodo
MovieLens [16] Movie ratings CF 138,493 26,744 20,000,263 Kaggle
Food [19] Amazon product reviews CF 7,000,000 603,200 14,300,000 GitHub

SR-GNN [53]. For next-basket recommendation, which focuses on
predicting a user’s subsequent shopping basket, we include the
graph-based model DNNTSP [58] and the attention-based model
Sets2Sets [20].
Datasets. We use widely adopted, publicly available datasets for
our benchmark (Table 1). The three NBR datasets relate to gro-
cery or retail shopping. For SBR, two of the four datasets capture
e-commerce interactions, while the other two are music datasets de-
rived from social media posts about songs (NowP) or collected from
internet radio stations (30music). For CF, we select two datasets
containing user ratings for movies and food products.
Unlearning algorithms. We include recommendation-specific as
well as general unlearning algorithms in the benchmark.
Custom unlearning algorithms for recommender systems and graph
neural networks. We do not include general exact unlearning algo-
rithms like RecEraser [7] or UltraRE [31], because their running
time depends on the training set size, which is by design not effi-
cient enough to handle a lot of queries with small forget sets. We
focus on approximate unlearning algorithmswith a time complexity
linear in the forget set size. We include the following algorithms:
• SCIF [32] directly removes the influence of data in the forget
set using influence functions. The influence of the data in the
forget set is calculated similarly to a Newton step, which addi-
tionally includes retain data to prevent catastrophic forgetting
via 𝜃𝑧→𝑧 = 𝜃 − 𝐻−1

𝜃
∇
𝜃
( 1

2+𝑏𝑠 (−ℓ (𝑧, 𝜃 ) + ℓ (𝑧, 𝜃 ) + ∑𝑏𝑠
𝑖=1 ℓ (𝑧𝑖 , 𝜃 )))

where 𝑧𝑖 are retain samples, 𝑧 is an unlearning sample, 𝑧 is the
modified unlearning sample, 𝐻 is the Hessian, 𝑏𝑠 is the number
of retain samples used for the update, and 𝜃 is a subset of the
parameters 𝜃 of the model. SCIF uses approximations of second-
order information to simultaneously remove knowledge about
the forget set while circumventing catastrophic forgetting using
samples from the retain set. This update is only calculated and
applied for a subset of weights that are manually chosen as most
important for the task, depending on the model architecture (e.g.,
user embeddings for CF).
• GIF [51] works similarly to SCIF, but the parameters considered
for the parameter update are chosen differently: The embedding
of node 𝑢 in the graph is contained in the parameter update
if there exists a node 𝑣 such that 𝑣 is in the forget set and the
distance from 𝑢 to 𝑣 is smaller than a hyperparameter 𝑑 .
• CEU [52] unlearns edges from a GNN. To get theoretical guar-
antees for linear models, CEU first adds a linear noise term 𝑏𝑇𝜃

with 𝑏 ∼ N(0, 𝜎2𝐼 ) to the training loss and fine-tunes aiming to
hide the real gradient residual. After that, CEU unlearns using an

influence function. The intuition behind CEU is similar to SCIF
without parameter subselection, but with adding noise to the
parameters to get theoretical guarantees for linear models with
strongly convex losses.
• IDEA [11] analyzes the original loss over the whole training set
and the pruned loss (which excludes nodes and edges we want
to unlearn). It then conducts a second-order update step based
on the difference between the original and pruned objective loss.

General unlearning algorithms for gradient-based machine learn-
ing. We additionally include the following unlearning algorithms
from the NeurIPS’23 unlearning challenge [47], which have not
specifically been designed for recommendation models. We select
these particular approaches, as they scored the highest in the final
ranking of the competition:
• Fanchuan first minimizes the KL-divergence between the output
of the model on the unlearning samples and a uniform pseudo-
label. Next, the method varies between two modes: in the first
mode, a contrastive loss maximizes the distance between repre-
sentations of samples in the forget set and samples in the retain
set. In the second mode, it fine-tunes the model on a subset of the
retain set. The idea behind the first stage is to make the distribu-
tion of outputs for forget samples more uniform, which should
push them away from other similar samples in the retain set
without explicitly using the retain set. The next stage alternates
between an explicit contrastive loss to push away embeddings
from forget set samples and retain set samples, and a repair stage
fine-tuning with the retain set to mitigate catastrophic forgetting.
• Kookmin resets a subset of the model parameters to their states
before training. This is followed by a fine-tuning stage on a sub-
set of the retain set, where non-reset parameters have a smaller
learning rate. The subset of parameters to reset is chosen as the
𝑝 |𝜃 | parameters having the most similar gradients on the forget
set and a subset of the retain set, where 𝑝 ∈ (0, 1) is a hyperpa-
rameter. Resetting parameters that exhibit similar gradients on
the forget and retain sets helps decouple their optimization tra-
jectories during the repair phase. Since these parameters respond
similarly to both sets, continuing training from their current
values may preserve residual influence from the forget set. By
reverting them to their pre-training states and then fine-tuning
exclusively on the retain set, the model is encouraged to re-learn
these shared components in a way that is solely informed by the
retained data. This enables the repair phase to better align the
model with the retain set, without being constrained by repre-
sentations that were previously shaped by the forget set.
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• Seif adds Gaussian noise to the model parameters, followed by
fine-tuning on a subset of the retain set. The underlying intuition
is that, when the forget set is small, the optimal parameters of
the retrained model remain close in weight space to those of
the original model. In this regime, fine-tuning on the retain set
alone induces only minor updates, as gradients are already near
zero around the original optimum. Injecting noise perturbs the
parameters away from this stationary point, thereby enabling the
optimization process to escape the original solution and converge
toward an optimum defined only by the retain set.

Evaluation metrics. We discuss the dimensions and metrics to
evaluate the performance of unlearning algorithms.
Recommendation utility. We report common ranking metrics such
as Recall, Personalized Hit Ratio, and Normalized Discounted Cu-
mulative Gain.
Unlearning effectiveness. In addition to post-unlearning utility, it
is important to assess to which degree a model actually forgets
the forget set in approximate unlearning. This is challenging be-
cause most approximate unlearning algorithms lack theoretical
guarantees (Section 2). There is no single metric for unlearning ef-
fectiveness that is broadly applicable across models while remaining
both meaningful and interpretable. Common evaluation approaches
compare unlearned and retrained models in weight space or output
distribution. While a small distance suggests successful unlearning,
a large distance is inconclusive, as model multiplicity and training
randomness can yield alternative retrained models that are equally
valid yet far apart by these metrics. Consequently, such compar-
isons cannot reliably determine unlearning effectiveness. Another
common evaluation approach uses membership inference attacks
to assess unlearning effectiveness. While successful attacks indicate
failed unlearning, the absence of successful attacks is inconclusive,
as results depend heavily on attacker strength and cannot account
for all possible adversaries. Instead of using these evaluation meth-
ods, we evaluate unlearning effectiveness with scenario-specific
metrics that are easier to interpret and more meaningful for real-
world usage. We include the following two scenarios:
• Sensitive item unlearning [40]: In this scenario, items from sensi-
tive categories are removed for specific users, e.g., meat for users
adopting a vegetarian diet or alcohol for users with addiction is-
sues. Effectiveness is measured by counting how many users still
receive sensitive recommendations after the unlearning request,
compared to a retrained model. To evaluate recommendation
utility, sensitive items are removed from the affected users’ test
data. Let 𝑈𝑠 be the set of users that submitted a forget request
for sensitive items, 𝑅𝑘𝑢 be the top 𝑘 recommended items for user
𝑢, and 𝐼𝑠 be the set of sensitive items. We define

Sensitive@𝑘 :=
1
|𝑈𝑠 |

∑︁
𝑢∈𝑈𝑠

[𝑅𝑘𝑢 ∩ 𝐼𝑠 ≠ ∅] ∈ [0, 1]

as the percentage of users who submitted forget requests but
still have sensitive items in their top 𝑘 predictions. To compare a
retrained model 𝜃𝑟 and an unlearned model 𝜃𝑢 with respect to
this metric, we define

RelItems@𝑘 := Sensitive𝑟@𝑘 − Sensitive𝑢@𝑘 ∈ [−1, 1]

as the delta between the sensitive item percentage of the retrained
model (Sensitive𝑟@𝑘) and the unlearned model (Sensitive𝑢@𝑘).
RelItems@𝑘 = 𝑝 ≥ 0 implies that the unlearned model success-
fully removes sensitive items from the top𝑘 recommendations for
𝑝 |𝑈𝑠 | more users compared to the retrained model. Analogously,
RelItems@𝑘 < 0 indicates that the unlearned model performs
worse than the retrained model.
• Removal of poisonous data: This scenario evolves around ma-
liciously injected interactions in session-based or next-basket
recommendation. An actor injects clicks on random items and
items they want to promote, biasing the model toward these
items. Successful unlearning restores model performance by re-
moving the influence of the fake interactions, measured using
standard performance metrics. To compare the performance of a
retrained model 𝜃𝑟 and an unlearned model 𝜃𝑢 , we define

RelEff@𝑘 :=
nDCG𝑢@𝑘

nDCG𝑟@𝑘
− 1 ∈ [−1,∞).

RelEff@𝑘 = 𝑝% implies that the unlearned model’s nDCG@𝑘

is 𝑝% better than the retrained models nDCG@𝑘 . A model can
achieve strong RelEff@𝑘 performance while still retaining infor-
mation from interactions that should have been removed. This
may occur, for example, when the original model is underfit-
ted and the repair phase effectively acts as additional training.
However, when the trained model is already near-optimal, this
concern is negligible. In such settings, any observed performance
gains are more plausibly attributed to the removal of noisy or
spam interactions, as the model is assumed to have already cap-
tured the relevant structure of the retained data.

Unlearning efficiency. We measure unlearning latency, i.e., the time
it takes to execute unlearning requests, both in absolute terms and
in comparison to full retraining.
Experimentation protocol for ERASE. A single experiment us-
ing ERASE combines a recommendation task, a dataset𝐷 , a training
algorithm, an unlearning algorithm𝑈 , and a scenario (e.g., removal
of poisonous data or unlearning sensitive item interactions). In
each experiment, we sequentially unlearn a sequence of batches
𝐷
(0)
𝑓

, . . . , 𝐷
(𝑛−1)
𝑓

. Let 𝜃 (0) denote the model trained on the full
data 𝐷 , then we sequentially compute 𝜃 (𝑖+1) ← 𝑈 (𝜃 (𝑖 ) , 𝐷 (𝑖 )𝑟 , 𝐷

(𝑖 )
𝑓
)

where 𝐷 (𝑖 )𝑟 = 𝐷 \⋃𝑖
𝑗=0 𝐷

( 𝑗 )
𝑓

. The number of batches 𝑛 and the data
contained in each batch depend on the scenario. For unlearning
interactions with sensitive items, we sequentially unlearn by user,
e.g., each batch consists of a single user’s sensitive interactions to
forget. Such small batches are natural, as there is an urgency to
carry out the unlearning requests fast in this scenario due to ethical
concerns. We choose the number of batches to account for 0.01%
of the interactions in total. For the removal of poisonous data it
is natural to unlearn larger batches and an overall larger fraction
of the dataset, as spammers typically use various accounts to pol-
lute the data [28]. Furthermore, they must inject a large volume
of interactions to meaningfully influence a recommender system,
and there are no privacy constraints that require companies to
perform unlearning under strict latency or bounded removal-time
guarantees. Thus, we add spam interactions with a size of 1% of the
training set for poisoning, and make each batch to unlearn contain
the data of 256 spam users. Hyperparameters were tuned on RSC15
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Table 2: Unlearning effectiveness for the best model per scenario-task-dataset combination. Cells with “n/a” indicate that

an unlearning algorithm is not applicable to a particular model while “div.” indicates that the unlearning diverged. The

effectiveness varies substantially, but for most combinations at least one algorithm matches the retrained model.

Unlearning Spam Interactions (RelEff@20 ↑) Unlearning Interactions with Sensitive Items (RelItems@20 ↑)
SBR NBR CF NBR SBR

NowP RSC15 TaFeng Dunnhumby Food MovieLens Instacart Dunnhumby Books 30music
Algorithm Type NARM SR-GNN DNNTSP Sets2Sets SGL BPR DNNTSP Sets2Sets SR-GNN SR-GNN

SCIF RecSys -4.63 +0.02 -1.16 +5.14 +4.29 -0.92 -45.01 +0.00 -5.19 -9.05
GIF GNN n/a div. -3.59 n/a +18.33 n/a div. n/a div. div.
CEU GNN n/a -50.78 -0.66 n/a +3.70 n/a -38.86 n/a -21.84 -2.26
IDEA GNN n/a div. -0.69 n/a div. n/a -52.10 n/a +14.17 div.
Fanchuan General -16.99 -22.82 -7.07 +9.85 +0.32 -1.43 -37.02 -0.25 -19.30 -3.54
Kookmin General -34.72 -20.54 -2.06 +4.90 +2.06 +0.06 -37.40 -0.18 +5.17 -13.42
Seif General -23.34 -99.91 -11.61 +2.74 -2.64 +0.07 -22.71 -6.32 -2.27 -9.56

and Food or adopted from best-performing configurations reported
in prior repositories. A complete overview of the hyperparameters
is provided in our supplementary material.1

ERASE implementation and resources. We implement ERASE
on top of the RecBole library [61] and release it under an open
license at https://github.com/deem-data/erase-bench/. Following
the protocol described above, ERASE supports follow-up research
with flexible experimentation across its models, datasets, and un-
learning settings. Beyond the benchmark code, we release the full
results of running ERASE at scale. We execute training, retraining,
and unlearning runs over five random seeds, consuming more than
13,000 GPU hours and producing over 600 GB of reusable artifacts,
including 1,069 model checkpoints. By providing pretrained and
retrained checkpoints, we offload the most computationally expen-
sive steps and enable the community to evaluate new unlearning
algorithms using only additional unlearning runs. Specifically, we
release (i) training logs, (ii) 150 trained model checkpoints, (iii) 150
retrained model checkpoints, (iv) 769 unlearned model checkpoints,
and (v) corresponding efficiency, effectiveness, and utility metrics.
We provide pointers to our artifacts,2 with additional experimental
details and results in our online supplementary material.1

5 Example Use of ERASE

We showcase howERASE can be used to gain insights and directions
to inform progress in MU for recommender systems.
A snapshot of the current progress in MU for recommender

systems. We analyze the experimental logs of ERASE and revisit
the guiding questions outlined in Section 4. Our goal is to assess
not only whether existing MU methods are effective, but also under
which conditions they succeed or fail. While we summarize the
main findings below, we refer to our supplementary material1 for a
detailed breakdown and extended discussion of the observed trends.
Unlearning effectiveness. To assess the unlearning effectiveness of
the algorithms in ERASE, we aggregate the experimental logs in
a structured manner. For each scenario–task–dataset combina-
tion, we first identify the best-performing original model based
on nDCG@20. We then compute its mean RelEff@20 in the case
of spam unlearning, or mean RelItems@20 in the case of sensitive
interaction unlearning. This aggregation ensures that we evaluate

1https://github.com/deem-data/erase-bench/blob/main/supplementary-material.pdf
2https://github.com/deem-data/erase-bench/blob/main/artifacts.md

unlearning quality under realistic conditions where practitioners
would deploy the strongest available model. The resulting scores in
Table 2 indicate that the effectiveness of approximate unlearning al-
gorithms varies substantially across datasets. In most experiments,
at least one approximate method matches the retrained model in
both unlearning effectiveness and recommendation utility.
Robustness. To quantify the robustness of unlearning algorithms, we
collect the relative effectiveness scores (RelEff@20 or RelItems@20
depending on the scenario) per algorithm for all datasets and mod-
els of a given scenario-task combination from the experimental logs
of ERASE, and plot their distributions in Figure 2. No unlearning
algorithm is uniformly robust across all CF, SBR, and NBR tasks;
many methods show instability or performance degradation un-
der repeated unlearning. The recommender-specific method SCIF
stands out as the most consistent and robust approach across tasks,
exhibiting low variance in unlearning effectiveness, with remaining
challenges primarily in sensitive item unlearning for NBR.
Influence of model architecture. We investigate the experimental logs
of ERASE for different models, and find that model architecture has
a strong impact: the effectiveness and utility of general unlearning
algorithms often degrade under repeated unlearning requests, par-
ticularly for attention-based and recurrent models. Architecture-
and recommender-specific methods—most notably SCIF, and in
some cases GNN-specific algorithms—consistently achieve higher
effectiveness and utility. Table 2 and Figure 3 therefore report re-
sults for the best-performing original model for each (unlearning
scenario, recommendation task) combination, as these models are
the most practically relevant. Comprehensive results across the full
product space are provided in the supplementary material.1

Efficiency and deployability. For practical deployment, an unlearn-
ing algorithm must update a model substantially faster than full
retraining while maintaining comparable effectiveness. To assess
deployability, we extract from the ERASE logs the mean unlearning
runtime and relative effectiveness of each algorithm for the best
model in each scenario–task–dataset combination. Next, we plot
the resulting speedup over retraining (retraining time divided by
unlearning time) against relative effectiveness in Figure 3. Based on
our interviews with practitioners from industry, where retraining
can take up to a day, we consider a three-orders-of-magnitude run-
time reduction—bringing unlearning down to minutes—sufficient
for deployment, provided effectiveness remains comparable (e.g.,
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within a 1% margin). We indicate this target region in green as a
“deployability area” in the figure and highlight methods that meet
this criterion. Overall, the results show that most current unlearn-
ing algorithms fall short of real-world deployment requirements
due to either excessive latency or insufficient effectiveness.
Directions for follow-up research. ERASE uncovers new re-
search directions for MU in recommender systems. Since efficient,
effective, and high-utility unlearning is possible in most scenarios,
unlearning may be viewed as an algorithm selection problem. This
selection should account for algorithms that degrade sharply after
a small number of requests. Stabilizing unlearning performance is
another key challenge. Since unlearning is computationally cheap,
ensembling differently seeded instances or various algorithms in
parallel could effectively reduce variance.

Finally, as illustrated in Figure 3, unlearning latency must be fur-
ther reduced for practical deployment, due to the lack of deployable
methods for several scenarios. There has been progress on low-
latency MU for neighborhood-based models [40, 41], but how to
accelerate approximate MU for neural network-based recommender
systems is an open question. ERASE constitutes an experimental
testbed for all these research directions: newly proposed methods
can directly be evaluated on our datasets, scenarios, and model
checkpoints.

6 Resource Reproducibility & Extensibility

Our repository contains pointers to the dataset locations and to
downloadable checkpoints of trained, retrained, and unlearned
models hosted on Hugging Face.

Re-running the benchmark. Our benchmark can be re-run via
two dedicated scripts to execute and evaluate (re)training and un-
learning, see README.md for instructions. Both scripts offer a
wide range of configuration options and automatically save log files
and model checkpoints. The benchmark can also use private data;
no external APIs are required. To provide reproducibility, we give
the option to fix random seeds, which we also use for our experi-
ments, and log all relevant hyperparameters, enabling consistent
comparisons across runs.

In the future, we will maintain ERASE and welcome contri-
butions. Our codebase has predefined extension points for new
datasets, models, unlearning algorithms, and scenarios, as docu-
mented in README.md. New models have to extend the standard
RecBole model class; new unlearning methods have to extend our
unlearning script and a corresponding pipeline. A new scenario re-
quires a generator to produce forget-set artifacts for a given dataset.
Extending the benchmark. We will maintain ERASE and wel-
come contributions. Our codebase has predefined extension points
for new datasets, models, unlearning algorithms, and scenarios. See
README.md for detailed guidelines on each extension point.

7 Conclusion

We have introduced ERASE, a real-world aligned benchmark for
machine unlearning in recommender systems that addresses key
gaps in prior benchmarks and is easy to extend. It provides a large
collection of reusable artifacts, including pretrained and retrained
model checkpoints, allowing researchers to avoid costly retraining
and to evaluate new unlearning algorithms with only additional
unlearning runs. Together, these features position ERASE as a com-
mon testbed to systematically assess, advance, and track practical
machine unlearning in recommender systems.
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