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Abstract

User data spread across multiple modalities has popularized
multi-modal recommender systems (MMRS). They recom-
mend diverse content such as products, social media posts,
TikTok reels, etc., based on a user-item interaction graph.
With rising data privacy demands, recent methods propose
unlearning private user data from uni-modal recommender
systems (RS). However, methods for unlearning item data
related to outdated user preferences, revoked licenses, and
legally requested removals are still largely unexplored.
Previous RS unlearning methods are unsuitable for MMRS
due to the incompatibility of their matrix-based representa-
tion with the multi-modal user-item interaction graph. More-
over, their data partitioning step degrades performance on
each shard due to poor data heterogeneity and requires costly
performance aggregation across shards.

This paper introduces MMRecUn, the first approach known
to us for unlearning in MMRS and unlearning item data.
Given a trained RS model, MMRecUn employs a novel Re-
verse Bayesian Personalized Ranking (BPR) objective to en-
able the model to forget marked data. The reverse BPR at-
tenuates the impact of user-item interactions within the for-
get set, while the forward BPR reinforces the significance of
user-item interactions within the retain set. Our experiments
demonstrate that MMRecUn outperforms baseline methods
across various unlearning requests when evaluated on bench-
mark MMRS datasets. MMRecUn achieves recall perfor-
mance improvements of up to 49.85% compared to baseline
methods and is up to 1.3x faster than the Gold model, which
is trained on retain set from scratch. MMRecUn offers sig-
nificant advantages, including superiority in removing target
interactions, preserving retained interactions, and zero over-
head costs compared to previous methods.

Code — https://github.com/MachineUnlearn/MMRecUN
Extended version — https://arxiv.org/abs/2405.15328

1 Introduction

Recommender systems (RS) (Smith and Linden 2017; He
et al. 2020) leverage techniques like collaborative filtering,
content-based filtering, and neural networks to recommend
diverse content such as movies, music, products, news arti-
cles, and more, thereby boosting user engagement and sat-
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isfaction. As user data increasingly spans multiple modali-
ties (Covington, Adams, and Sargin 2016), multi-modal rec-
ommender systems (MMRS) are gaining traction (Wu et al.
2022; Zhou et al. 2023). Recent advancements (Yu et al.
2023; Liu et al. 2023b; Wei et al. 2020, 2019; Xu et al.
2018) have focused on capturing user preferences through
both behavior data and diverse multi-modal item informa-
tion. With growing concerns over data privacy, regulations
like GDPR (Voigt and Von dem Bussche 2017) emphasize
the importance of data protection and the “right to be for-
gotten.” While significant progress has been made in un-
learning user data to enhance privacy (Chen et al. 2022; Li
et al. 2023a), the unlearning of item data remains largely un-
explored. This paper introduces MMRECUN, which, to the
best of our knowledge, is the first attempt to address unlearn-
ing in MMRS and unlearning item data.

Motivation. Recent needs for dynamic recommendations.

Complex content licensing agreements: Universal Music
Group’s (UMG) recent decision to pull its library from
TikTok (Johnson 2024) silenced millions of user-created
videos, necessitating TikTok’s recommendations to adapt
to the absence of UMG content. Similarly, the 2020 law-
suit (Deahl 2018) against Spotify by Wixen Music Pub-
lishing over songwriter compensation and the 2016 dis-
pute (Levine 2018) between YouTube and Warner Music
Group, which led to temporary content removal, highlight
potential conflicts between existing models and evolving
contractual obligations. These scenarios highlight the need
for a dynamic RS that can adapt swiftly.

Legal compliance: The Algorithmic Accountability
Act (Gursoy, Kennedy, and Kakadiaris 2022) emphasizes
the responsibility of companies to evaluate their machine
learning systems for bias and discrimination. Current RS
often reinforce user preferences, perpetuating stereotypes
and creating filter bubbles and echo chambers (Chen et al.
2023; Lin et al. 2021). This highlights the need for an RS
that balances personalization with fairness and diversity.

Evolving user interests in different modalities: Imagine a
user who usually posts about fitness and healthy living. Over
time, she develops a new passion for travel photography,
sharing photos and stories from her trips to exotic locations.
Although her images and hashtags now reflect her love for
travel, the RS still prioritizes fitness-related content. By an-
alyzing both text and images, the system can adapt to her




new interests, offering more relevant recommendations and
enhancing her browsing experience.

Selective unlearning based on modalities: When Univer-
sal Music Group (UMG) removed its library from TikTok,
the RS had to adapt to the absence of UMG audio con-
tent while still considering other modalities like videos. In
MMRS, both the graph structure and feature embeddings are
closely linked. Unlearning interactions in one modality, such
as audio, can affect the entire RS, requiring careful adjust-
ments to maintain accurate and effective recommendations.

Aiding selective transfer: Data privacy concerns and strict
protection policies (Liu et al. 2023c) challenge cross-domain
RS (Liu et al. 2024). While sharing user-item data can be
beneficial, it risks negative transfer, such as using horror
movie ratings to recommend comedies. Unlearning can re-
move irrelevant data from the source domain before transfer,
enhancing recommendation accuracy.

Dynamic MMRS that handle both user and item data can
effectively tackle these multifaceted challenges. By enabling
systems to dynamically update their models and remove out-
dated or irrelevant content, unlearning methods can signifi-
cantly enhance user privacy, ensure legal compliance, adapt
to changing content licenses, and evolve with user prefer-
ences. These systems can also combat recommendation bias
and data poisoning. Moreover, they can reduce the GPU-
hours carbon footprint by minimizing the need for repeated,
resource-intensive retraining from scratch.

Background and Related Work. Given these benefits,
one might ask: Can unlearning methods for uni-modal sys-
tems be adapted for the unique challenges of multi-modal
systems? Previous unlearning methods (Nguyen et al. 2022)
face the following challenges: @ MMRS integrate diverse
user-item data, including images, text, and behavior, into a
unified convolutional graph. This is incompatible with the
matrices, latent factors, feature representations, and tempo-
ral sequences used in matrix factorization (Liu et al. 2023a;
Xu et al. 2022; Liu et al. 2022; Zhang et al. 2023a), col-
laborative filtering (Li et al. 2024; Schelter, Ariannezhad,
and de Rijke 2023), and sequential RS (Ye and Lu 2023),
respectively. ® For methods that do use graph-based rep-
resentations, integrating diverse modalities is challenging.
Because structure and feature embeddings are tightly inte-
grated, unlearning in one modality has cascading effects on
the other (Cheng and Amiri 2023). & Approximate unlearn-
ing methods (You et al. 2024; Zhang et al. 2023b; Li et al.
2023b) involve expensive operations, such as inverting Hes-
sian matrix or the Fisher Information Matrix. These compu-
tations are costly and impractical for MMRS having a large
number of feature dimensions. @ Exact unlearning meth-
ods (Chen et al. 2022; Li et al. 2023a) adapt SISA (Bour-
toule et al. 2021) to split the dataset into shards. This dis-
rupts the graph structure and degrades performance within
each shard due to limited data and poor data heterogene-
ity (Koch and Soll 2023) by 10 — 30% (You et al. 2024).
The aggregation step, to preserve data structure and aggre-
gate performance across shards, introduces significant over-
head costs, impacting both training and inference, increasing
proportionally with the number of shards (Ramezani et al.
2021). In worst case, when data that needs to be forgotten
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Level Qty Catering to Example

Interaction  Single Privacy Remove a watched movie

User Pref. Many Evolving preferences  Disinterest in Apple products
Biased Item Many Bias elimination Amazon tackling fake reviews
Account All  Privacy laws User deletes account

License All  Licensing agreements  UMG removing library from TikTok

Table 1: Unlearning request types in MMRS, addressing pri-
vacy, preferences, bias elimination, and legal compliance.

come from multiple shards, efficiency falls to the level of re-
training from scratch. ® While unlearning might appear effi-
cient by retraining only specific shards, the process of setting
up and aggregating these shards introduces additional, unac-
counted overhead. If the data is initially partitioned by user
dimensions, it cannot be re-split for item unlearning. Conse-
quently, simultaneous unlearning of both user and item data
becomes impossible.

These constraints underscore the need for methods specif-
ically designed for unlearning in MMRS and for unlearn-
ing item data. The challenges and previous works, including
(Cheng and Amiri 2023; Yuan et al. 2023; Li et al. 2023c;
Chen et al. 2024; Ganhor et al. 2022; Xin et al. 2024; Wang
et al. 2024; Sinha, Mandal, and Kankanhalli 2023; Tarun
et al. 2023b; Chundawat et al. 2023b; Tarun et al. 2023a;
Chundawat et al. 2023a), provide valuable insights into this
domain.

Contributions. They are summarized as follows:

. MMRECUN is the first approach known to us for un-
learning in MMRS and unlearning item data.

Our work addresses various unlearning requests, includ-
ing single interaction removal, user preference adjust-
ments, bias elimination, account deletion, and item re-
moval, as shown in Table 1.

. We define three properties for measuring unlearning in
MMRS and introduce item-centric metrics alongside tra-
ditional user-centric metrics. We also propose BPR diver-
gence as a robust alternative to KL divergence for com-
paring recommendation scores.

The experiments demonstrate that MMRECUN outper-
forms the baselines in various unlearning scenarios: user,
item and user-item (simultaneous) unlearning. It achieves
recall performance improvements of up to 49.85% com-
pared to the baseline methods. It is up to 1.3x faster
than the GOLD model, which is trained on retain data
from scratch. Moreover, MMRECUN offers enhanced
efficiency, superior performance in removing target el-
ements, preservation of performance for retained ele-
ments, and minimal overhead costs.

2 Preliminaries

MMRS. Let i = {u} denote the set of users and Z = {i}
denote the set of items. The embedding matrix for users is
denoted as E,, € RXIUI wwhere d is the embedding di-
mension. Similarly, the embedding matrices for each item
modality are represented as E; ,, € R¥*IZl where d,, is
the dimension of the features, m € M denotes the modality,



and M = {v,t}, visual and textual, is the set of modalities
considered. The historical behavior data of users is repre-
sented by matrix J € {0, 1}“1*IZ1| where each entry ¥, ;
indicates whether user u interacted with item ¢. This data can
be interpreted as a sparse behavior graph G = {V, £}, where
V = {{{ UZ} denotes the set of nodes and € = {(u,3) | u €
U,i € Z,y,,; = 1} denotes the set of edges. Let the model
be denoted by M (-, ) with parameters ¢ which aims to en-
code collaborative signals latent in the interaction matrix ).
The objective of MMRS is to accurately predict users’ pref-
erences by ranking items for each user based on predicted
preference scores ¥y, ;.

Unlearning. Let D = {(u,4),yu:}!, (u,i) € & rep-
resent a dataset of user-item interactions, split for train-
ing, validation and testing as D, D,,, and Dy, respectively.
The aim is to forget a set of data points, represented by
Dy = & C &Ep, while retaining another set of data points,
represented by D, = &,. It holds that D, | JDy = Dr and
DN Dy = (. If a node, i.e., a user or an item is marked for
forgetting, then all interactions involving that user or item
are also marked for forgetting. (u,i) € & = {(v,7’) |
u =uVi =i} C &, where (u,i) represents the inter-
action between user v and item ¢, and (u’,¢") represents any
interaction involving the same user or item. Given an input
x, the model’s output is M (x, ¢). For a machine learning
algorithm A, it generates model parameters as ¢ = A(Dr).
A gold model is trained from scratch only on the retain set
D,, denoted by ¢, = A(D,). An unlearning algorithm U
utilizes all or a subset of D, and Dy, as well as the orig-
inal model ¢ to generate an unlearned model ¢,. Hence,
Pu = U(‘Pv D, Df)-

Problem Formulation. Given a sparse behavior graph G
and a model M (-, ¢), devise an unlearning algorithm U,
that unlearns the forget set Dy to obtain an unlearned model
M (-, ¢,,) with updated parameters such that ,, closely ap-
proximates the performance of the gold model:

P(M(z,0u) =y) = P(M(z,0,) =y), YreD (1)

where P (X)) is the distribution of random variable X.
Properties. Let Vo € D, f(D, ¢) be defined as, f(D,¢) :
P(M(z,0,) =y) —P(M(z,¢,) =y) < e. For close per-
formance approximation, the unlearned model must possess:
Unlearning Specificity f(Dy, es). The unlearning algo-
rithm U should effectively remove the influence of entities
in Dy, with ¢,, aligning closely with the gold model’s proba-
bility distribution. A high € indicates unsuccessful unlearn-
ing, while a low €y may signal a Streisand effect, making the
forget set more noticeable. Ideally, € should approach zero.
Retention Fidelity f(Dy,€;). Equally important is pre-
serving performance of the model. So the probability distri-
bution on test set should align. A high value of ¢, indicates
that the model’s utility is compromised, as it becomes ex-
cessively tailored to the specific traits of the retain set. On
the other hand, if €, is low, it indicates that the unlearning
process has inadvertently led to the loss of characteristics of
the retain set. So, €; should tend to zero.
Unlearning Generalizability f(D,,€,). The unlearning
algorithm U must ensure that the process does not introduce
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Figure 1: The proposed MMRECUN method illustrated.
Adapts MGCN’s architecture to unlearn multi-modal data
while balancing retention fidelity and unlearning specificity.

biases or distortions that impair the model’s generalization.
This is evaluated by comparing scores on unseen data, con-
firming that unlearning preserves the model’s performance
on data excluded from training and unlearning. A high €, in-
dicates that unlearning may have overly tailored the model to
the retain set, reducing generalization. Conversely, a low ¢,
suggests that unlearning effectively retained the retain set’s
characteristics while removing the forget set’s influence.
Unlearning Efficiency. The unlearning process should be
faster than retraining the model from scratch. It should be
efficient in terms of time and computational resources.

3 Proposed MMRECUN Method

Traditionally, there are two stages for M (-, ). In training,
M encodes collaborative signals inherent in the user-item
interaction matrix ). The optimization process minimizes
the BPR loss (Rendle et al. 2012):

min LZe = Z Z — 0 (Gui — Yuj)

(u,8)€D seyt
JEVY

2

When the RS receives an unlearning request, it must first
nullify the interaction data in the interaction matrix by set-
ting y,,; = 0 for all y,,; € V.. Then, it would typically re-
train the model M (-, ¢) using the updated interaction matrix
Y. However, retraining is computationally expensive and
impractical for frequent unlearning requests. Therefore, we
propose unlearning the trained model M (-, ) using MM-
RECUN. The overall process is illustrated in Fig. 1.
Reverse BPR Objective. To achieve the objectives of un-
learning in MMRS, MMRECUN employs a reverse objec-
tive inspired by the concept of amnesiac unlearning (Graves,
Nagisetty, and Ganesh 2021). This approach suggests selec-
tively undoing the learning steps associated with a forget
set Dy, essentially removing the parameter updates related
to forgotten data points and thus minimizing the predicted
probability to a sufficiently small value. This works well for
traditional machine learning tasks like image classification.
Extending it to our context of MMRS, the reverse objec-
tive of user u for her marked interactions is: minimize the



Valid Test Forget
Model Recall Prec NDCG MAP Recall Prec NDCG MAP Recall Prec NDCG MAP
Dataset Baby
MaGeN 0.0928 00049 00419 00274 00941 00052 00411 00255 05923 0.1430 04705 0.3003
GoLDp 0.0929 00049 00413 00266 00944 00052 00410 00253 00105 00032 00072 00024
AMUN 00614 00033 00269 00170 00618 00034 00275 00174 00101 00023 00065 0.0025
MMRECUN 00889 00047 00406 00266 00870 00048 00384 00241 00105 00023 00087 0.0043
Dataset Sports
MaGeN 0.1054 00056 0.0473 00306 0.1074 00060 0.0474 00295 04624 0.1091 03382 0.1924
GoLD 0.1059 0.0056 0.0476 00309 0.1076 0.0060 0.0481 00305 00048 00015 00034 00012
AMUN 00507 00027 00220 00138 00537 00030 00235 00145 00028 00009 0.0020 0.0007
MMRECUN  0.1035 00055 0.0469 00307 0.1042 0.0058 0.0467 00296 00049 00011 0.0035 00014
Dataset Clothing
MGCN 0.0899 0.0046 0.0400 00260 0.0898 00047 00406 00266 08057 0.1785 0.6443 04721
GoLDp 0.0895 0.0045 00394 00254 00891 00046 00409 00271 00048 0.0011 0.0031 0.0012
AMUN 0.0405 00021 00176 00112 00415 00022 00180 00114 00052 00011 00039 00018
MMRECUN 00716 00036 00318 00206 00737 00038 00330 00214 00053 00011 00046 0.0024

Table 2: Unlearning 5% of users. MMRECUN matches GOLD across validation, test, and forget sets on varied datasets outper-
forming AMUN by 49.85% % in unlearning generalizability, by 46.93% in retention fidelity and high unlearning specificity.

Model Set Valid Test Forget
Metric K Recall Prec Recall Prec Recall Prec
Dataset Baby
MGCN 0.9481 £ 0.0005 0.0452 £ 0.0004 0.9073 £ 0.0003 0.0465 + 0.0005 0.8070 £ 0.0005 0.0082 £ 0.0003
GOLD 500  0.9481 +0.0006 0.0446 £+ 0.0003 0.9073 £ 0.0004 0.0460 4+ 0.0006 0.5103 + 0.0003 0.0014 + 0.0001
AMUN 0.9271 £ 0.0004  0.0054 £ 0.0006 0.8943 4 0.0007 0.0055 £ 0.0006  0.5639 £ 0.0005 0.0019 £ 0.0000
MMRECUN 0.9481 £ 0.0004 0.0104 £0.0005 0.9073 +0.0003 0.0113 +0.0005 0.5086 £ 0.0005 0.0010 £ 0.0001
Dataset Sports
MGCN 0.9180 £ 0.0009  0.0108 £0.0010 0.8621 4+ 0.0005 0.0099 + 0.0006 0.7573 £ 0.0008 0.0016 4 0.0001
GoOLD 1000  0.9180 £ 0.0006 0.0099 + 0.0008  0.8621 £ 0.0007  0.0096 £ 0.0008 0.6469 + 0.0006  0.0013 £ 0.0001
AMUN 0.9433 £ 0.0005 0.0045 £ 0.0007 0.9013 4 0.0008 0.0046 + 0.0006  0.6471 £ 0.0007 0.0017 £ 0.0008
MMRECUN 0.9373 £ 0.0007  0.0046 £ 0.0008 0.9001 4 0.0005 0.0047 + 0.0001  0.6693 £ 0.0008 0.0024 £ 0.0006
Dataset Clothing
MGCN 0.9857 £ 0.0010  0.0079 £0.0012  0.9690 £ 0.0009 0.0060 + 0.0001  0.8840 £ 0.0009  0.0063 £ 0.0001
GOLD 1500 0.9857 £0.0011 0.0416 4+ 0.0001  0.9690 + 0.0011  0.0423 £ 0.0006 0.7134 4+ 0.0009 0.0020 + 0.0001
AMUN 0.9721 £0.0012  0.0034 £ 0.0001  0.9516 4 0.0008 0.0030 = 0.0001  0.7605 £ 0.0009  0.0018 £ 0.0001
MMRECUN 0.9761 £ 0.0008  0.0034 £0.0001  0.9526 4+ 0.0008 0.0029 + 0.0001  0.7002 £ 0.0008 0.0016 £ 0.0000

Table 3: Unlearning 5% of items. MMRECUN matches GOLD across validation, test, and forget sets on varied datasets outper-
forming AMUN by 10.83% in unlearning specificity, and comparable retention fidelity, and unlearning generalizability.

predicted score of marked interactions relative to items with
which she did not interact.

. .D . .
min Lppp = Z Z o (Gu,i — Yu,j)
(u,0)€Dy iyt
JEVY

3

However, updating the model with this reverse objective
risks catastrophic forgetting of data in the retain set D,., pos-
sibly leading to inaccurate recommendations. Thus, it’s es-
sential to balance retention fidelity with unlearning speci-
ficity. MMRECUN addresses this by using the original BPR
objective to preserve the retain set D,.: LI?PTR.

Unlearning Multi-Modal Data requires minimizing the
predicted probability based on the discriminability of fea-
tures. In addition to the collaborative signals from the user-
item interaction matrix, ), M (-, ) encodes item-item se-
mantic correlations, into embeddings E,, for users and E; ,,
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for items in each modality m € M. A self-supervised aux-
iliary task maximizes mutual information between behavior
features and fused multi-modal features, promoting the ex-
ploration of both, alongside Lo regularization.

€xXp (eu,mul : éu,id/T)

(Zvez,{ exXp (ev,mul : év,id/T)

ED:Z—log

u€D
+ Z —lo exXp (ei,mul : ei,id_/T) @
i€D > jez €XP (€j,mul - €j,d/T)

, where 7 is temperature. For unlearning, we introduce a
negated contrastive auxiliary loss and a regularization term
to reduce the impact of learned item-item semantic correla-
tions:

— Py

L = Lghe — (e Lo+ Allel) 5)



Model Set Valid Test Forget
@K  Recall Precision NDCG MAP Recall Precision NDCG MAP Recall Precision NDCG MAP
Dataset Baby
MGeN 20 0.1529 0.0032 0.0533  0.0286 0.1574 0.0035 0.0538 0.0274 0.0048 0.0005 0.0030 0.0011
3200 0.8447 0.0030 0.2263  0.0497 0.8180 0.0030 0.1452  0.0096 0.1792 0.0050 0.3857 0.1195
GoLp 20 0.1560 0.0033 0.0530 0.0277 0.1585 0.0035 0.0543  0.0279 0.0014 0.0002 0.0010  0.0004
3200 0.8398 0.0030 0.2342  0.0553 0.8211 0.0029 0.1534 0.0120 0.2071 0.0049 0.3385 0.0843
AMUN 20 0.1606 0.0034 0.0546 0.0284 0.1628 0.0036 0.0557 0.0285 0.0014 0.0002 0.0007  0.0001
3200 0.8417 0.0029 0.2020 0.0342 0.8119 0.0030 0.1490 0.0107 0.3416 0.0051 0.3676  0.1092
MMRECUN 20 0.1479  0.0031 0.0526  0.0288 0.1521 0.0034 0.0525 0.0271 0.0014 0.0002 0.0008  0.0002
3200 0.8520 0.0029 0.3327 0.1426  0.8270 0.0028 0.1574 0.0134 0.2048 0.0051 0.7874  0.5434
Dataset Sports
MGCN 20 0.1681  0.0035 0.0604 0.0332 0.1739 0.0039 0.0612 0.0321 0.0030 0.0003 0.0018  0.0006
7200 0.7392 0.0017 0.1882 0.0262 0.7154 0.0017 0.1941 0.0293 0.1034 0.0026 0.2308 0.0525
GoLp 20 0.1694  0.0036 0.0607 0.0334 0.1745 0.0039 0.0617 0.0326 0.0012  0.0001 0.0007  0.0002
7200 0.7362 0.0015 0.1844 0.0243 0.7133 0.0017 0.2236  0.0475 0.1130 0.0026 0.2271  0.0499
AMUN 20 0.1716  0.0036 0.0608 0.0330 0.1752 0.0039 0.0612 0.0318 0.0012 0.0001 0.0006  0.0002
7200 0.7291 0.0017 0.1821 0.0231 0.7191 0.0017 0.1957 0.0302 0.1843 0.0026 0.2236  0.0475
MMRECUN 20 0.1667 0.0035 0.0612 0.0346 0.1720 0.0038 0.0619 0.0334 0.0012 0.0001 0.0006 0.0002
7200 0.7449 0.0015 0.2051 0.0356 0.7268 0.0016 0.2120 0.0399 0.1376 0.0024 0.2030 0.0343
Dataset Clothing
MGCN 20 0.1371  0.0028 0.0491 0.0272 0.1360 0.0028 0.0496 0.0278 0.0059 0.0005 0.0032  0.0010
7800 0.8290 0.0012 0.0604 0.0003 0.8213 0.0011 0.1029 0.0018 0.0332 0.0017 0.4999 0.3332
GoLp 20 0.1390 0.0028 0.0497 0.0275 0.1355 0.0028 0.0492 0.0274 0.0014 0.0001 0.0007  0.0002
7800 0.8197 0.0010 0.0388 0.0001 0.8144 0.0012 0.0696 0.0004 0.0502 0.0016 0.4999 0.3332
AMUN 20 0.1372  0.0028 0.0491 0.0272 0.1365 0.0028 0.0497 0.0278 0.0013  0.0001 0.0005 0.0001
7800 0.8229 0.0012 0.0629 0.0003 0.8189 0.0012 0.0995 0.0015 0.1541 0.0019 0.4305 0.2499
MMRECUN 20 0.1374  0.0028 0.0496 0.0278 0.1366 0.0029 0.0501 0.0282 0.0014 0.0001 0.0008  0.0002
7800 0.8293 0.0012 0.0502 0.0002 0.8126 0.0012 0.1054 0.0020 0.0757 0.0018 0.4305 0.2499

Table 4: Unlearning 5% of users and items. MMRECUN matches GOLD across validation, test, and forget sets outperforming
AMUN by 41.32% in unlearning specificity and comparable unlearning generalizability and retention fidelity.

To mitigate the risk of catastrophic forgetting, MMRE-
CcUN employs the original training objective to preserve the
knowledge within the retain set D,.:

LY = L + AL + Aol (6)

However, this preservation introduces additional epochs of
contrastive auxiliary loss and Lo regularization, which may
cause overfitting on the retain set D,.. Thus, the loss in eq.5
also serves to counterbalance these effects by discouraging
the model from maintaining invariance in these features. Fi-
nally, the loss function becomes

a) L7

(N

where « is a hyper-parameter that determines the relative
importance of preservation and reduction.

L=o LD +(1-

Proposition 1 Bayesian Interpretation of MMRECUN.
The MMRECUN objective function in Eq. 3 can be inter-
preted through the Bayes theorem. Let the learning pro-
cess be regarded as maximizing the posterior distribution
estimated by ¢, ie, max P(p|D), with a certain prior
distribution of g(¢). Maximizing the posterior distribution
log P(|D,) is equivalent to the RPR objective in MMRE-
CUN, which is to minimize the RPR objective with a regu-

2
~ 0.
Then the approximation of optimal posterior distribution is
1 70?Lppr

L~ 5(@- ©o) TD%(@

larizer. At the optimal point, Lppg =~ 0 and H aa‘cizgk

— o) (8)

The Kullback-Leibler (KL) divergence (Kullback and
Leibler 1951; Golatkar, Achille, and Soatto 2020; Tarun
et al. 2023a) is difficult to implement in RS because the typi-
cal user-item interaction data are not inherently probabilistic
but based on scores or ratings. Further, KL Divergence can
be undefined when the target distribution has zero probabil-
ity for an event that the input distribution considers likely,
which can be problematic in sparse and high-dimensional
recommendation datasets. Therefore, we propose BPR di-
vergence,  as an alternative which directly measures the
difference between the predicted scores of user-item interac-
tions from different model states using mean squared error,
which aligns well with the numerical nature of recommen-
dation scores.

Ble,¢') = |yl+| > Ay yl_| Y Au, O
“ ey “lieva

where, Ayui = fui — Gu;  and  Ayuj = Guj — b -
Proposition 2 Information Bound of MMRECUN. Let
the posterior distribution before and after unlearning the
forget set Dy, be P(p|Dr) and P(¢|D,), [since Dy —
Dy = 7D,], respectively. The convergence between can
be expressed as B(p,¢’) < ¢ where n denote the num-
ber of epochs during unlearning. Since ¢ x 1/n, we have
e=kx %, where k is a constant.

As shown in Figure 2a, the BPR divergence between the
gold and unlearned models on the forget set D decreases
with more epochs, indicating that less information about D
remains in the model over time.
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Time Complexity for unlearning LightGCN with BPR
and auxiliary contrastive loss using MMRECUN is T' =
OM-d-|&| dp+ U|-|I|-K+d*+ |M]|-d), where
M is the number of modalities, d is the embedding dimen-
sion, |€| is the number of edges, d;, is the feature dimension
for modality m, |I/| is the number of users, |Z| is the num-
ber of items, and K is the number of negative samples per
user-item pair.

4 Experiments and Results
4.1 Experimental Setup

Datasets and baselines. We select MGCN (Yu et al. 2023) as
our base model for several reasons: @ It is the state-of-the-
art MMRS with BPR. ® MGCN represents BPR-based mod-
els well, making improvements likely to generalize. ® Un-
like traditional methods like Collaborative Filtering and Ma-
trix Factorization, it handles multi-modal features through
graph convolutional representations. @ Other loss functions
for uni-modal systems don’t address multi-modal complex-
ities, and those that do, perform weaker than MGCN. So,
focusing on MGCN ensures our approach is relevant.

We use three distinct categories within the Amazon
dataset (Hou et al. 2024) that are used to benchmark MMRS.
The model trained on the retain set (named as the GOLD
model) from scratch is used as baseline. We prepare an-
other baseline by re-purposing the image classification un-
learning AMUN (Graves, Nagisetty, and Ganesh 2021) for
MMRS.

Previous RS unlearning methods using matrix factor-
ization, collaborative filtering, or sequential systems oper-
ate on behavior matrices, making them incompatible with
graph-based architectures. The code for approximate meth-
ods RRL, IFRU, and SCIF is unavailable. Exact methods,
RECERASER and ULTRARE, require partitioning, which is
challenging due to the need for specialized handling of each
modality and ensuring coherence during aggregation, adding
complexity outside the scope of this work.

Evaluation metrics To evaluate a given model M (-, o),
we need @ model predictions: ranked list of user-item pairs;
® the ground truth: user-item interactions ); and, ® K:
number of the top recommendations to consider. To cap-
ture a variety of aspects of performance, we use @ predic-
tive metrics, that reflect the “correctness”, how well M (-, ¢)
finds relevant items such as Recall at K and Precision at
K; and @ ranking metrics, that reflect ranking quality, how
well M (-, ) can sort items from more relevant to less rele-
vant. NDCG considers both relevance and position of items
in ranked list. MAP measures the average Precision across
different Recall levels for a ranked list.

Settings and Hyper-parameters All experiments are
performed on 4x NVIDIA RTX2080 (32GB). We use the
identical settings as in the case of MGCN for training the
original model M (-, ¢). The data interaction history of each
user is split 8 : 1 : 1 for training, validation and testing. The
training set is used to create retain set and forget set. We
initialize the embedding with Xavier initialization of dimen-
sion 64, set the regularization coefficient A, = 10™%, and
batch size B = 2048. For the self-supervised task, we set the
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Figure 2: Information bound and efficiency analysis.

temperature to 0.2. For convergence, the early stopping and
total epochs are fixed at 20 and 1000, respectively. We use
Recall@20 on the validation data as the training-stopping
indicator following (Zhang et al. 2022). We conducted ex-
periments five times using different seed values and report
the standard deviation values for item unlearning in Table 3.
For the other types of unlearning, the standard deviation val-
ues were found to be negligible and are therefore omitted.

4.2 Results

We conduct experiments to assess the unlearning perfor-
mance of MMRECUN in the four aspects. First, we com-
pare recall, precision, NDCG and MAP metrics on forget
set. Values closer to the GOLD model signify better Unlearn-
ing Specificity. Second, we compare the metrics on fest set.
Values closer to the GOLD model signify better Retention
Fidelity. Third, we compare the metrics on validation set.
Values closer to the GOLD model signify better Unlearning
Generalizability. Finally, we compare the time duration re-
quired for unlearning to compare efficiency.

User-centric metrics measure the relevance from user’s
perspective i.e., whether the relevant items (the user likes or
interacts with) are present in the top K recommendations.
Users typically expect to see a small number of recommen-
dations (e.g., 5 or 10), hence we take K = 5, 10, 20, 50 to
assess how well the system can provide personalized and
focused recommendations. Larger values of K, such as 20
or 50, are useful for evaluating the system’s ability to cover
a wider range of user preferences or measure performance
in suggesting diverse options and catering to different user
tastes. These metrics primarily focus on user satisfaction and
do not capture the effectiveness of forgetting specific items.
Hence, we introduce several item-centric metrics.

Item-centric metrics (Table 6) measure the relevance of
the recommended items themselves i.e., how well the rec-
ommended items meet unlearning criteria, regardless of
which users receive them. We take K = 500, 1000, 1500
to ensure that all items in the forget set D are considered
for evaluating performance.

User Unlearning. Table 2 shows the results of unlearning
5% users. The GOLD model, which has never seen the forget
set, falls in performance on this set as expected. However, it
retains good performance on the test and validation sets. On
the validation set, MMRECUN consistently achieves better




o 0.001  0.003 0.01 0.03 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Valid 0.0779 0.0851 0.0882 0.0887 0.0893 0.0893 0.0913 0.0909 0.0897 0.0880 0.0878 0.0804 0.0775
Test 0.0748 0.0827 0.0848 0.0856 0.0871 0.0892 0.0920 0.0915 0.0910 0.0885 0.0885 0.0839 0.0809
Forget 0.0104 0.0103 0.0107 0.0102 0.0105 0.0103 0.0105 0.0106 0.0105 0.0107 0.0104 0.0107 0.0102

Table 5: Tuning « for balance. Recall @20 on validation, test, and forget sets while unlearning 5% of users in the Baby dataset.
Lower « values optimize recall and convergence, while higher values improve forgetting at the expense of retain set recall.

Metric User-Centric Item-Centric
|Relevant,, NRetrieved,, | Z]K:l rel; ;
Recall@ K |Relevant,, | |Users; |]
RecallQ K ﬁ > uey Recall , QK % > iez Recal;,QK
K ol
PrecQK 7‘}28{]’%??76“" Prec;QK = 721:;( i
Precision@QK ﬁ Zueul Prec, QK % Yier lPrecz-@K
K 9om¢li,u_q K 9melji_q
DCGax Zz‘K:l loga(+1) Zy;l oz, 1)
1 1
IDCGAK %éigl@l;{gﬂm) %éj(;l@ T2 F1)
NDCGaK II%CG::@K lll)CGzz@K
NDCGQK WNZUJEZC)I\ID%()}“@K ‘T‘NEZ%I(:)IDC(%@K
-rely, -rel; (k
APQN Zkzl min('rf’u,N) ZkZl lnin('r;N)
MAPQN T Loueu APu@QN ] Licz APiQN

Table 6: User-Centric vs. Item-Centric Metrics. Measures
relevance from the user’s perspective versus from the item’s
perspective, independent of users recommended to.

recall scores, outperforming AMUN by 29.6%, 49.85%, and
34.75% on the three datasets (baby, sports, and clothing, re-
spectively), showcasing best unlearning generalizability. On
the test set, MMRECUN maintains closest recall scores, sur-
passing AMUN by 26.69%, 46.93%, and 36.13%, demon-
strating best retention fidelity. On the forget set, MMRE-
CUN achieves better recall scores, outperforming AMUN by
3.8% and 43.75% on two datasets and slightly falling back
by 2.08% on the clothing dataset, indicating high unlearning
specificity. Similar trends follow for other metrics.

Item Unlearning Table 3 shows the results of unlearn-
ing 5% items. On the validation set, the recall scores differ
by 2.21%, 0.65%, and 0.41% on the three datasets, show-
casing comparable unlearning generalizability. Similarly, on
the test set, the recall scores differ by 1.43%, 0.13%, and
0.10%, demonstrating comparable retention fidelity. How-
ever, MMRECUN achieves good recall scores, outperform-
ing AMUN by 10.83% and 8.45% on two datasets and
slightly falling back by 3.43% on the sports dataset, indi-
cating high unlearning specificity.

User and Item Unlearning. Table 4 presents the results
of unlearning both 5% users and 5% items. On user-centric
metrics, the performance of AMUN and MMRECUN is
comparable. The recall scores differ by 2.89%, 1.83% and
0% approximately across three datasets on the validation set,
test set and forget set, respectively, showcasing comparable
unlearning generalizability, retention fidelity and unlearning
specificity. On item-centric metrics, MMRECUN achieves
recall score up to 41.32% higher than AMUN on forget set,
indicating high unlearning specificity. The recall scores dif-
fer by 2.14% and 1.83% approximately across three datasets
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on the validation and test sets, respectively, showcasing com-
parable unlearning generalizability and retention fidelity.
We repeat the experiment 5 times using different seed values
and report the standard deviation in Table 3. For the other
types of unlearning, the standard deviation were found to be
negligible and are therefore omitted.

Unlearning efficiency. On the baby dataset, MMRECUN
takes 169.41 seconds in contrast to 225.73 seconds of GOLD
model. Similarly, on the clothing dataset, MMRECUN takes
968.96 seconds in contrast to 1294.44 seconds of GOLD
model. Thus, with MMRECUN, we experience up to 1.3 %
accelerated unlearning than retraining from scratch (Fig-
ure 2b). In other words, 25% time is saved.

Tuning hyper-parameter . We assess how o balances
adaptation and reform in unlearning, testing values from
0.001 to 0.9 (Table 5). Lower « values (0.1-0.2) effectively
unlearn the forget set with minimal impact on retain set re-
call, and require fewer epochs for convergence, indicating
an optimal balance. As « increases (0.3-0.9), the model em-
phasizes more on the reform loss, needing more epochs to
forget, adversely affecting retain set recall. Extremely low «
values (< 0.01) hinder effective forgetting, also increasing
epochs and negatively impacting retain set. The optimal «
depends on the specific task’s forgetting severity and time
constraints: higher a may ensure stronger forgetting with
minor recall loss, while lower « enables faster convergence.

5 Conclusion

MMRECUN is the first framework for MMRS unlearning
that handles complex multi-modal data and item unlearning.
It caters to diverse unlearning requests, like user preference
adjustments, item removal etc.; and scenarios: user, item
and user-item simultaneous unlearning. We define three key
properties to measure MMRS unlearning; introduce item-
centric metrics with traditional user-centric ones; and pro-
pose BPR divergence as a robust alternative to KL diver-
gence to compare recommendation scores. Our experiments
demonstrate MMRECUN’s superiority in retention fidelity,
unlearning specificity, generalizability, and efficiency.
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