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Exact and Efficient Unlearning for Large Language
Model-Based Recommendation

Zhiyu Hu"”, Yang Zhang

Abstract—Recent years have witnessed the trend of enhancing
recommender systems with large language models (LLMs), namely,
LLMRec. A common way is to fine-tune the LLMs with the in-
struction data transformed from user behaviors, stimulating the
recommendation ability of LLMs. Similar to traditional recom-
mender systems, integrating user data into LLMs raises privacy
concerns. Users desire a tool to erase the impacts of their sensitive
data from the trained models. To meet this user demand, LLMRec
unlearning becomes pivotal to enable the removal of unusable
data (e.g., historical behaviors) from established LLMRec models.
However, existing methods mostly focus on partition strategies
and approximate unlearning. These methods are not well-suited
for the unique characteristics of LLMRec due to computational
costs or incomplete removal. In this study, we propose the Adapter
Partition and Aggregation (APA) framework for exact and efficient
LLMRec unlearning while maintaining recommendation perfor-
mance. APA achieves this by retraining PEFT adapters using data
partitioning, constructing adapters for partitioned training data
shards, and retraining only the affected adapters. To preserve rec-
ommendation performance and avoid significant inference costs,
APA incorporates balanced and heterogeneous data partitioning,
and parameter-level adapter aggregation with sample-adaptive
adapter attention for each testing sample. Extensive experiments
demonstrate the effectiveness and efficiency of our method.

Index Terms—Large language models (LLMs), recommender
system, machine unlearning, recommendation unlearning.

I. INTRODUCTION

ARGE language models have demonstrated exceptional
L capabilities in content comprehension and generation,
sparking interest in applying them in Web applications [1], [2],
[3]. Recommender systems, as a primary channel for personal-
ized content distribution, can also benefit from these capabilities
in understanding items and users [4], pushing the emergence
of large language model-based recommendation paradigm. The
current standard approach for specializing LL.Ms for recommen-
dation is parameter-efficient fine-tuning [4], [5], [6], [7] using
recommendation data. However, incorporating recommendation
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data (e.g., historical behaviors) increases the risk of personal data
leakage due to the vulnerability of LLMs [8], [9], [10], [11]. To
safeguard the privacy of users, particularly vulnerable popula-
tions, LLMRec unlearning becomes crucial, which targets the
timely and effective removal of some personal data [12] (termed
unusable data [13]) from developed LLMRec models.

To the best of our knowledge, there is currently limited
research on LLMRec unlearning. Despite the significant ad-
vancements of recommendation unlearning for traditional mod-
els [13], [14], these approaches are unfeasible for LLMRec mod-
els due to the high computational cost associated with handling
billions of model parameters. Some very recent studies [15],
[16], [17], [18] investigate efficient unlearning techniques for
information encoded in a LLM by extending traditional meth-
ods [17] or utilizing in-context learning [15]. However, applying
these methods for LLMRec will encounter the risk of incomplete
removal due to their approximate nature. Although [18] provides
valuable insights into unlearning in the LLM-based recommen-
dation setting, it does not target exact unlearning. In contrast,
LLMRec unlearning requires complete removal of the unusable
data to comply with relevant regulations such as the General Data
Protection Regulation [19]. Additionally, LLMRec unlearning
must maintain overall recommendation performance to ensure
a satisfactory user experience.

Achieving desirable LLMRec unlearning hinges on retraining
PEFT adapters using data partitioning. Inspired by traditional
unlearning methods [12], [20], [21], retraining has proven to be
a reliable method for ensuring exact unlearning. By employing
a partitioning strategy that divides the training data into disjoint
shards and training sub-models for each shard, unlearning ef-
ficiency can be maintained as only the sub-models affected by
unusable data are retrained. Since personal data is exclusively
stored in the PEFT adapter (e.g., LORA [22]), retraining adapters
on relevant shards incurs relatively low costs. Additionally, the
PEFT adapter can quickly learn from a minimal number of
examples, enabling further reduction in shard size and retrain-
ing costs. Considering these factors, we propose leveraging an
adapter partition-empowered retraining approach for LLMRec
unlearning.

The partition strategy in LLMRec presents a distinct challenge
in terms of inference latency since aggregating prediction results
from different adapters is necessary to integrate knowledge for
maintaining high recommendation performance [12], [20], [21].
However, such aggregation becomes infeasible for LLMRec
models due to the computationally expensive nature of LLM
inference [23]. Generating predictions from K adapters would
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result in a K times increase in the inference cost of LLMs,
leading to substantial rises in energy consumption and service
latency. For this challenge, we consider adapter aggregation at
parameter level to enable a single-pass inference. Additionally,
the partition and aggregation should be carefully designed to
ensure a recommendation performance comparable to adapter
retraining without partitioning [24].
To this end, we introduce the Adapter Partition and Aggre-
gation framework for exact and efficient LLMRec unlearning
while maintaining overall recommendation performance. APA
trains individual adapters on partitioned training data shards and
leverages adapter weight aggregation during inference. As to
partition, APA divides the training data into balanced and hetero-
geneous shards based on semantic characteristics [6] to facilitate
keeping recommendation performance [24]. As to aggregation,
we adopt a sample-adaptive approach for each testing sample
that assigns adapter attention based on the performance of
adapters on similar validation samples. This prioritizes higher-
performing adapters, thereby enhancing overall performance.
Notably, additional training is unnecessary for our adaptive
aggregation, unlike traditional unlearning methods [20], [21],
thus avoiding extra unlearning costs.
The main contributions can be summarized as follows:
® New problem: To our knowledge, this is the first study to
formulate and explore exact unlearning within the realm of
LLMRec.

® New technique: We introduce the APA method, an exten-
sion of partition-based unlearning, tailored to scenarios
where inference involves high computational costs.

e Experiments: We conduct extensive experiments on three

real-worlds, verifying the effectiveness of the proposal.

II. PRELIMINARIES

In this section, we first briefly introduce the prerequisite
knowledge of PEFT and LLMRec. Then, we give the problem
formulation.

A. PEFT

Fine-tuning LLMs with domain-specific data is an effective
method to tailor LLMs for domain-specific tasks. Given that
LLMs typically comprise billions of parameters, full tuning
is a resource-intensive and time-consuming process. Recent
work [25] shows that LLMs have a low intrinsic dimension that
can match the performance of the full parameter space. PEFT
provides a solution to this challenge by keeping the most of
model weights frozen and only updating a part of the parameters.
These learnable parameters are controlled by an adaptation
module (termed adapter).

LoRA: In this work, we focus on Low-Rank Adaptation
(LoRA) [22], a prominent and widely adopted PEFT solution.
To make fine-tuning more efficient, LoRA adds pairs of rank-
decomposition weight matrices to existing weights of the LLM
in a plug-in manner and only trains the newly added weights for
learning tasks. The rank-decomposition design would ensure
that the addition of weight matrices introduces only a small
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! & : Not Frozen
Instr.:
LLM LoRA

Instruction Input

Given the user’s prefe-
rence and unpreference, ...

User preference: ...
User unpreference: ...
Target new movie: ...

Input:

Instruction Output

Yes.

Output:

Fig. 1. The left diagram illustrates the classic structure of LoRA, while the
right table provides a sample for recommendation instruction data.

number of learnable parameters, thereby expediting the fine-
tuning process. More specifically, for a matrix multiplication
layer within LLMs, a LoRA module adds weight matrices as
follows:

o =Wyz + BAz, ey

where = and o represent the input and the resulting output,
respectively. Wy € R%*92 denotes the original model weight
matrix, while B € R%*" and A € R"*% constitute the pair of
rank-decomposition weight matrices, with dy, ds, and r rep-
resenting the dimensions involved. Notably, r < min(d;, d2),
meaning that the number of parameters introduced by BA is
significantly fewer than that of W, because d1r + rds < dids.
During the fine-tuning process, only A and B are adjustable. In
a similar way, a LORA module (also called a LoRA adapter) is
generally applicable to any LLM layer desired for updating.

B. LLMRec

PEFT with recommendation data has emerged as a de facto
standard to specialize LLMs for recommendation tasks. Nu-
merous studies have appeared and showcased the effectiveness
of such LLMRec methods. In our research, we focus on the
two widely popular LLMRec methods called TALLRec [5] and
Rella [26], considering their broad applicability and representa-
tion of the general paradigm in the field of LLMRec.

TALLRec: TALLRec employs LoRA tuning techniques to
align LLMs with the recommendation task using recommen-
dation instruction data. This approach involves the conversion
of user-item interaction data into language instructions, as exem-
plified in Fig. 1. Each instruction comprises both an input and
an output component. Within the instruction input, TALLRec
represents items using their titles and user preferences or non-
preferences are conveyed by referencing historical item titles.
It also instructs LLMs to respond with either “Yes” or “No” to
indicate the user’s preference for a target item. The response
is included in the instruction output. With the instruction data,
TALLRec performs fine-tuning of the LLM using a LoRA
adapter to learn the recommendation task. Let D represent the
set of all converted instruction data for training, and then the
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Fig. 2.
data D_,, only the sub- LoRA adapters affected by D_, need to be retrained.

optimization problem can be formulated as follows:

|yl

max Z ZZOQ (Poo+o (Yit|Tis vier)) (2)

(zi,y:)eD t=1

where z and y represent the instruction input and output of a data
sample in D, y, represents the ¢-th text token of y, y~, denotes
the text tokens that precede v, and Po,+a (y:|x, y<¢)) signifies
the predictive probability of y; by the LLM. O refers to the
existing parameters of the original LLM, and ® encompasses
all model parameters within the LoRA adapter, including the A
and B as defined in (1) for all layers. Notably, only the LoRA
adapter parameters ¢ would be updated.

Rella: Rella, like TALLRec, utilizes LoRA tuning and instruc-
tion data based on user-item interactions to align large language
models (LLMs) with recommendation tasks. However, Rella
introduces a key enhancement through Retrieval-Enhanced In-
struction Tuning (ReiT), which improves the model’s ability to
process long behavior sequences. Instead of simply truncating
the most recent K behaviors, ReiT selects the most semantically
relevant K behaviors in relation to the target item, enhanc-
ing the quality of the input data. Similar to TALLRec, Rella
instructs LLMs to respond with “Yes” or “No” to indicate
user preferences for a target item. Additionally, Rella adopts
the same optimization problem (1) as TALLRec, focusing on
maximizing the log-probability of generating correct outputs
based on the input data. This allows Rella to improve recom-
mendation accuracy by leveraging more relevant user behavior
information.

C. Problem Formulation

Let D_,. C D represent the data that a user wishes to remove
from a PEFT LLMRec model f that was initially trained with
D. Following previous work, we assume the size of D_,. is very
small, e.g., |D_,| = 1. We try to obtain a retrained model using
only the remaining data, denoted as D,, = D — D_,, to achieve
exact unlearning. Simultaneously, this unlearning process needs
to be efficient in order to respond to the user’s request promptly.
Finally, we aim to minimize any performance degradation after
implementing the unlearning designs to ensure that users remain
satisfied with the recommendation quality.

Tlustration of our APA framework, which consists of three parts: Data Partition, Adapter training, and Adapter aggregation. When a user requests to erase

III. METHODOLOGY

In this section, we commence with presenting an overview
of our approach, encompassing the model framework and the
unlearning process. We provide a detailed discussion of the
pivotal components of our method.

A. Overview

To enable exact and efficient unlearning based on retraining,
our APA framework employs a partitioning strategy to train
and construct the LLMRec model. Our APA framework, as
illustrated in Fig. 2, encompasses three key phases:

1) Data and Adapter Partition: We partition the training
data D into K balanced and disjoint shards, denoted as
{D1,...,Dk}. Given that the LLM relies on text seman-
tics for predictions, we perform the partition based on the
text semantics of the samples, utilizing a K-means cluster-
ing method. Once the data shards are obtained, we proceed
to train an individual LoRA adapter (a sub-adapter) for
each shard in TALLRec. For the k-th data shard D;,, we
train a LoRA adapter parameterized with ®; according to
(4) (replacing D and @ in the equation with Dy, and ®).

2) Adapter Aggregation: At the serving stage, we perform
adapter aggregation, which involves merging the weights
of different LoRA adapters to create a unified adapter.
We just use the aggregated LoRA adapter for inference.
Importantly, we employ a sample-adaptive aggregation
strategy, tailoring the aggregated adapter to the specific
sample for improved performance. This part is the key to
ensuring performance and inference efficiency.

Unlearning: When a user requests to erase data D_,., only
the sub-LoRA adapters affected by D_, need to be retrained,
obviating the need to retrain the entire model and facilitating
acceleration. In theory, we only need to invest a &Ig"‘ cost for
full retraining to achieve precise unlearning. With the support
of two considerations, % can be kept at a low value, resulting
in significant acceleration: First, it is often assumed that user
requests arrive in a streaming manner. Usually, only one sample
needs to be unlearned at a time. Second, given the few-shot
learning capabilities of TALLRec (a few hundred samples are
adequate to train an effective LoRA), the data partition can be
fine-grained, allowing for a relatively high value of K.
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After the LLMRec has been constructed, the unlearning pro-
cess is simple and straightforward. Therefore, the essence of
the process lies in our partition and aggregation stages. We now
delve into the details of these two phases.

B. Partition

The partitioning phase is the key to training a LLMRec model,
involving two key parts: 1) data partition, and 2) training a
sub-adapter module for each partitioned data shard. We next
elaborate on the two parts.

1) Data Partition: For data partitioning, the crucial factor is
ensuring that data within the same shard share related knowl-
edge, creating homogeneity of knowledge within a shard and
heterogeneity across shards. This aids in the effective learning of
sub-adapters with limited data and their subsequent aggregation.
Prior methods for recommendation unlearning relied on collabo-
rative embedding to perform partitioning, utilizing the K-means
algorithm to group samples with similar collaborative informa-
tion within the same shard. Similarly, given that LLMRec relies
on text semantics for prediction, we propose partitioning data
based on semantics.

Our data partition method is detailed in Algorithm 1, con-
sisting of three key parts. Initially, we utilize the original LLM
(without fine-tuning) to derive the hidden representations (de-
noted as h;) of the input instructions z; for each training sample
(24, y;) in D, capturing the text semantics (line 2). Subsequently,
we employ K-means on the obtained hidden representations,
resulting in K clusters and K clustering centers (denoted as
ai,...,ar) (line 3). The clusters generated directly by K can
be highly unbalanced, potentially making unlearning inefficient
for large shards. Therefore, we take further steps to balance the
clusters (lines 4-10). Instead of directly assigning a sample to
the nearest cluster, we take into account the cluster size: if the
size of the closest cluster exceeds a certain threshold ¢, we assign
the sample to the nearest cluster whose size is still below that
threshold. Formally, for all samples, we calculate their cosine
distance to each cluster center as follows:

dist(h;,a) = —cos (hi,ag) . 3)

We store all distances in a list, denoted as F =
{(zi, yi, dist(hi,ar))|i <|D|,k < K}, and then sort the list
based on the dist() function. We refer to the sorted list
as F. Subsequently, we orderly examine each element
(x4, yir,dist(hy,ax)) in Fy to achieve balanced clustering. If
(«},y}) has not yet been assigned to any cluster, we assign it to
the &’-th cluster, denoted as Dy, .

2) Sub-Adapter Training: After obtaining the partitioned
data, we proceed to train an individual LoRA adapter for each
data shard, following the approach of TALLRec. Formally, for
the k-th data shard, the optimization objective is as follows:

|y]

ax Y0 Y log (Poea, (wilzi). @)

max
(z4,y:)€Dy t=1
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where ®; denotes the model parameters of the k-th LoRA
for the k-th data shard, Po,+a, (y;|z;) denotes the prediction
probability of LLMRec with the k-th LoRA for y;.

C. Aggregation

During the serving prediction stage, aggregating knowledge
from the sub-models is essential to enhance the overall pre-
diction quality. Typically, prediction result aggregation is a
commonly used approach. However, this method necessitates
performing LLM inference K times, as it requires computing
Po,+a, (yi|z;) fork=1,2, ..., K. Toaddress this challenge, we
introduce aggregation at the LoRA adapter model weight level,
i.e., adapter aggregation. This technique combines the weights
of multiple LoRA adapters, creating a single LoRA adapter that
allows for one-pass prediction.

Given that a weight matrix in the original LLM corresponds
to a pair of rank-decomposition weight matrices, as shown in
(1), we consider two levels of aggregation:

® Decomposition level: At this level, each model weight

of LoRA serves as the unit for model aggregation. We
directly aggregate the A and B matrices defined in (1) from
different LoRA adapters using weight averaging. Formally,
an aggregated LoRA layer can be defined as follows:

o = Wox + BAx,
K

K
B= Z%Bk, A= ZWkAlm ©)
k=1 k=1

where B represents the aggregated B matrix, B}, represents
the B matrix of the k-th sub-adapter, similarly for those
of A; o denotes the layer output in the aggregated LoRA
adapter, and wy, is the aggregation weight for the k-th sub-
adapter, where a higher value indicates higher attention.
The method for assigning wy, is described later.

® Non-decomposition level: At this level, the weight unit of
the original LLM serves as the aggregation unit for the
adapter aggregation. Then, we aggregate the “BA” result
defined in (1) from all sub-LoRA adapters using weight
averaging. Formally, an aggregated LoRA layer can be
formulated as follows:

0 = Wyx + BAx,
K
BA = ZkakAk, (6)
k=1

where BA represents the aggregated LoRA weights, and
other symbols have the same meanings as in (5).
Sample-adaptive Strategy: Different testing samples require
varying levels of knowledge from different sub-models for ac-
curate prediction, suggesting the need for an adaptive attention
allocation when aggregating sub-adapters. To avoid introducing
additional training and unlearning, we explore a heuristic ap-
proach to assign aggregation weights to different sub-adapters.
Based on our partition, one straightforward solution is to use text
semantic similarity to determine these weights, giving higher
priority to the adapter corresponding to the data shards with
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Algorithm 1: Balanced Semantic-Aware Data Partition.

Input: training instruction data D, cluster number
K, and maximum size of each shard ¢
Output: The Shards {D, ..., Dk }
1 Initialize Dy, ..., Dg;
2 Compute hidden representation h; of x; in the
original LLM for each training sample (z;,v;) € D;
3 Running the K-means with all hidden
representations {h;|i < |D|}, obtaining cluster
centers:
{a1,a9,...,ax} = K-means({h;|i < |D|}, K);

4 For each sample (z;,y;) and each cluster center ay,
compute their cosine distance using h;, i.e.,
dist(h;, ay), storing (z;,y;, dist(h;, ax)) in a list F;

Sort F' in ascending order to get I;

for each (2}, y., dist(h;,ar)) in Fs do

if |Dy/| < tand (x;,y;) has not been assigned then
‘ Dy < Dy U (.’L‘Z‘, yz)
end
10 end
1 return {Dy, ...

© o N S v

,Dk};

greater similarity to the sample. However, selecting an adapter
solely based on input similarity doesn’t guarantee better predic-
tion accuracy. To address this concern, we devise a method that
leverages validation prediction errors to enhance the assignment
mechanism. In essence, for each testing sample, we rely on
the prediction errors of the most similar validation samples to
assess the suitability of a particular adapter for that specific
testing sample and allocate the attention weights accordingly.
This approach ensures more accurate weight assignments for
effective prediction.

Specifically, for each testing sample (x, y), we initially iden-
tify the top-n most similar samples from the validation set,
calculating the similarities similar to (3). These identified similar
samples are denoted as N,. Next, we measure the average
prediction error among N,, for each sub-adapter as follows:

1
errory = m Z error (y, Poyo, (vilzi)), (1)

(zi,yi)ENy

where || represents the size of N, and errory stands for
the average prediction error of the k-th sub-LoRA adapter.
Subsequently, for this testing sample, we assign higher attention
weights to the sub-LoRA adapter with lower prediction errors.
Formally, the attention weight wy, for the k-th sub-LoRA adapter
is calculated as follows:

exp(T - —errory)

B 25:1 exp(T - —errory)

. ®)

Wi

where 7 represents the temperature parameter, controlling the
strength of the assignment mechanism. When 7 = 0, the mech-
anism becomes ineffective, allocating equal attention weights
for all sub-LoRA adapters.
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D. Discussion

Extension to Other PEFT-based LLMRec Models: 1t is worth
mentioning that our method is developed specifically for LoRA-
based LLMRec. However, since the PEFT method commonly
incorporates adaptation modules, we can directly extend our
method to LLMRec models developed using other PEFT tech-
niques like Adapter Tuning [27]. Because Adapter Tuning shares
structural similarities with the LoRA architecture, featuring
two decomposable parts of an up-down Feed-Forward network
(FFN), it enables the aggregation of network parameters in our
approach. This flexibility allows us to apply our method to a
wider range of LLMRec architectures.

Unlearning Efficiency: Our method remains efficient when
more than one data point requires removal, as it allows si-
multaneous retraining of the affected sub-models. However,
when a large number of unlearning requests arrive in a short
time, repeated retraining can result in significant cumulative
cost—an inherent limitation of data partition-based approaches.
A potential solution is batch unlearning, which handles multiple
requests together to avoid redundant updates. Inspired by [28],
one can also use inference consistency checks to decide when
retraining is truly necessary, reducing overhead in practice.
Future work could explore adaptive batch unlearning strategies
that dynamically determine the optimal grouping of unlearning
requests based on their impact scope and timing.

Robustness to Validation Set Quality: Our sample-adaptive
strategy indeed relies on validation samples to guide weight
assignment. We construct the dataset by applying a sliding
window over each user’s historical interactions. The training,
validation, and test sets are then randomly partitioned, ensur-
ing consistency across these splits. While selecting validation
samples that closely resemble the test set may enhance aggre-
gation precision, such an approach implicitly relies on future
data and diverges from real-world application scenarios. For
real-world applications, it may be important to adopt more
effective time-aware validation strategies, such as using the most
recent historical data for validation and dynamically updating
it as new data becomes available. This approach ensures that
the method is performed on up-to-date data, better capturing
current user data distribution and controlling the potential dis-
tribution shifts between the validation and test sets. We leave
a more in-depth exploration of validation strategies to future
work.

IV. EXPERIMENTS

In this section, we conduct a series of experiments to answer
the following research questions:

® RQI:How does APA perform in terms of recommendation
performance and unlearning efficiency compared to the
state-of-the-art exact unlearning methods for LLMRec?

® RQ2: How does APA perform in terms of inference effi-
ciency?

® RQ3: How do different components of the proposed APA
influence its effectiveness?

® R(Q4:How do different hyper-parameters affect the perfor-
mance of APA?
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We first present experimental settings, followed by results and
analyses to answer each research question.

A. Experimental Settings

1) Datasets: We conduct experiments on three widely used
real-world datasets in the recommender systems domain. As
we focus on the CTR (Click-Through Rate) prediction task,
we follow the standard preprocessing approach [29] to convert
explicit ratings into implicit feedback. The details of the three
datasets are as follows:

® Book: We utilize the BookCrossing dataset [30], which
consists of user ratings ranging from 1 to 10. This dataset
also provides textual descriptions of books, including at-
tributes like “book author” and “book title”. To reduce the
sparsity of the dataset, we filtered out users who interacted
with items fewer than three times. Furthermore, we binarize
the ratings based on a threshold of 5. That is, ratings
exceeding 5 are considered as “like”, while ratings below
5 are labeled as “dislike”.

® Movie: We utilize the MovieLens100K [31] benchmark
dataset, which comprises user ratings ranging from 1 to
5, following [32], [33], we treat the ratings as “like”
(corresponding to the “Yes” in the TALLRec instruction
out) if the ratings are higher than 3 and otherwise “dislike”.
The dataset includes comprehensive textual attributes of
the movies, such as “title” and “director”.

® Game: We utilize the Amazon Video Games dataset [34],
which contains user ratings ranging from 1 to 5. We bina-
rize the ratings by treating scores higher than 3 as “like” and
scores of 3 or below as “dislike”. The dataset also provides
rich textual information for each game, including attributes
such as “title” and “brand”.

We strictly adhere to the pre-processing procedures outlined
in the TALLRec paper [5] for data filtering, data splitting, and
instruction data construction for all three datasets. In particular,
considering TALLRec and Rella’s capability to efficiently learn
recommendations and yield good performance with a minimal
number of training samples, we constrain our training size to
1024 (larger than the maximum size of 256 mentioned in the
TALLRec paper). Similar to the TALLRec setting, both the
validation and test sets consist of 1,000 samples for each of
the Movie, Book, and Game datasets.

2) Compared Methods: We focus on exact unlearning, but
there is currently no specific work designed for LLM. Therefore,
to serve as a baseline, we consider extending the following
traditional exact unlearning baselines to TALLRec and Rella:

® Retraining: This represents the straightforward retraining
approach, i.e., retraining the entire model from scratch
while excluding the unusable data. We implement it by
retraining TALLRec from scratch, excluding the unusable
data. This method serves as the gold standard in terms of
recommendation performance.

e SISA [12]: is the earliest known partition-enhanced re-
training method. It randomly divides data and aggregates
sub-model predictions through methods such as averaging
or majority voting. We extend this approach to TALLRec,
employing its average-based aggregation.
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® RecEraser [20]: is a recommendation-specific unlearning
method, sharing similarities with SISA but incorporating
unique partitioning strategies to preserve collaborative in-
formation. We adapt it for LLMRec based on its UBP
version. Notably, its prediction aggregation involves train-
ing with K TALLRec, requiring overmuch computational
resources. In our adaptation, we directly replace it with the
aggregation strategy of SISA.

® GraphEraser [21]: is an unlearning method designed for

graph-structured data (including the bipartite graph struc-
ture of interaction data). It employs node clustering tech-
niques, namely BEKM and BLPA, for graph data parti-
tioning. We extend GraphEraser to TALLRec using the
BEKM-based partition. Similar to RecEraser, we adopt the
aggregation strategy of SISA for it.

Regarding our APA, we implement two versions using differ-
ent levels of aggregation, as defined in Section III-C. We denote
the version with decomposition-level aggregation as APA(D)
and the version with non-decomposition-level aggregation as
APA(ND).

3) Evaluation Setting: Our objective is to achieve precise
and efficient unlearning for LLMRec while preserving recom-
mendation performance. Therefore, our evaluation focuses on
three aspects: 1) the completeness of data removal, 2) unlearn-
ing efficiency, and 3) recommendation performance. Since all
compared methods are built on retraining (from scratch) without
the unusable data, the first aspect is inherently maintained.
Following the RecEraser paper [20], we do not consider this
aspect for evaluation. To assess recommendation performance,
we use the Area under the ROC Curve (AUC) metric, fol-
lowing the settings in TALLRec and Rella. Additionally, we
introduce another performance loss metric A to measure the
recommendation performance loss of a method relative to the
Retraining method. This metric is calculated by the difference
in AUC between the method and the Retraining method, with
higher values indicating less performance loss. For evaluating
unlearning efficiency, we directly utilize the unlearning time
(retraining time). Additionally, considering the inference cost
for LLMs, we further compare the inference time.

4) Implementation Details: As all methods utilize TALLRec
and Rella as the backbone recommendation model, we apply the
same hyper-parameter settings for them to learn the recommen-
dation model, following the original configuration outlined in
both papers. For the LoRA configuration, we follow previous
works [5] and set the parameters as follows: the LoRA rank is
set to 8, the LoRA alpha is set to 16, and the LoRA dropout
is set to 0.05. The LoRA module is applied to the query and
value projection matrices of attention blocks. Concerning the
unlearning setting, for all partition-based base models, we set
the shard size to 256 for the data partition, resulting in K = 4
training data shards. For the specific hyper-parameters of the
baselines, we tune them in accordance with the settings provided
in the original papers, whenever available for our extension.
Regarding the proposed APA, we set the threshold parameter 7
(in (8)) to 500, 1500, and 600 for the Movie, Book, and Game
datasets, respectively. For the neighbor size [N,| in (7), we
set it to 20 for Movie, 100 for Book, and 40 for Game. All
these hyper-parameters are tuned on the validation set, and all
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TABLE I
COMPARISON OF DIFFERENT UNLEARNING METHODS ON RECOMMENDATION PERFORMANCE BASED ON THE TALLREC AND RELLA BACKBONES, WHERE
‘APA(D)’/‘APA(ND)’ REPRESENTS APA IMPLEMENTED WITH DECOMPOSITION/NON-DECOMPOSITION LEVEL AGGREGATION, AND /A REPRESENTS THE GAP
BETWEEN RETRAINING AND THE UNLEARNING METHOD IN TERMS OF AUC

TallRec Rella
Datasets Methods Beff. Agg. AUC  delta Beff. Agg. AUC  delta
Retraining - 0.6738 - - 0.7085 -
SISA 0.6561 0.6731  -0.0007 0.6794 0.6928 -0.0157
Book GraphEraser 0.6393 0.6646  -0.0092 0.6810 0.6923 -0.0162
RecEraser 0.6525 0.6719  -0.0019 0.6734 0.6889 -0.0196
APA(D) 0.6578 0.6738 0 0.6779 0.7023  -0.0062
APA(ND) 0.6578 0.6741  0.0003 0.6779 0.7026  -0.0059
Retraining - 0.7428 - - 0.7716 -
SISA 0.7003 0.7055 -0.0373 0.7208 0.7252  -0.0464
Movie GraphEraser 0.6732 0.6885 -0.0543 0.7130 0.7214  -0.0502
RecEraser 0.6699 0.6918 -0.0510 0.6721 0.7391  -0.0325
APA(D) 0.6874 0.7264 -0.0164 0.7192 0.7414  -0.0302
APA(ND) 0.6874 0.7262 -0.0166 0.7192 0.7414 -0.0302
Retraining - 0.7383 - - 0.7982 -
SISA 0.6571 0.6832 -0.0551 0.7035 0.7220  -0.0762
Game GraphEraser 0.6111 0.6919  -0.0464 0.6744 0.6991 -0.0991
RecEraser 0.6488 0.6856  -0.0527 0.6787 0.7287  -0.0695
APA(D) 0.6171 0.7076  -0.0307 0.6615 0.7744 -0.0238
APA(ND) 0.6171 0.7069 -0.0314 0.6615 0.7725 -0.0257

experiments are conducted on the same machine equipped with
the NVIDIA A40 GPUs.

B. Main Results (RQ1)

In this subsection, we evaluate all unlearning methods based
on two criteria: recommendation performance and unlearning
efficiency. It is essential to note that all compared methods
inherently achieve complete removal of unusable data. There-
fore, we omit the comparison in the aspect of exact unlearning
[20].

1) Accuracy Comparison: To compare the accuracy of APA
with the baselines, we conducted experiments using two dif-
ferent backbone models to assess their ability to maintain rec-
ommendation performance during unlearning. Higher ability is
indicated by less performance loss compared to the Retraining
method. The comparison results for both backbones are sum-
marized in Table I, where we additionally include the averaged
performance of the sub-models for the partition-based methods
(denoted as “Bef. Agg.”). We also report A\, which reflects the
AUC difference from Retraining (smaller values indicate better
performance). The following observations are drawn from the
table:

¢ All methods with aggregation demonstrate improved AU C
compared to the averaged AU C' of their corresponding sub-
models. This underscores the significance of aggregating
knowledge from sub-models to enhance performance.

e Compared to the baselines, APA exhibits less performance
loss compared to the reference Retraining method and, on
TALLRec’s Book dataset, can even bring improvements.
These results highlight the superior ability of our method to
maintain recommendation performance during unlearning.
This superiority can be attributed to the compatibility be-
tween our partitioning method and aggregation, as well as

the adaptive aggregation approach based on validation per-
formance, which pays more attention to high-performance
sub-adapters.

® In contrast, SISA, RecEraser, and GraphEraser show
much inferior performance compared to the refer-
ence method Retraining. Particularly on the movie
dataset, these baselines exhibit a significant decline
in recommendation performance, with the performance
loss reaching -0.0373, -0.0510, and -0.0543, respec-
tively. This suggests that the direct application of tra-
ditional exact unlearning methods to TALLRec re-
sults in a substantial compromise in recommendation
performance.

e The two versions of APA with different levels of adapter
aggregation (APA(D) and APA(ND)) demonstrate simi-
lar performance. This indicates that treating the LoRA
rank-decomposed parameter as the aggregation unit or the
original LLM parameter unit as the aggregation unit does
not affect the effectiveness of our adaptive aggregation
method.

e Our APA(D) and APA(ND) demonstrate better unlearn-
ing performance across three evaluation datasets and two
backbone LLM-based recommendation models, confirm-
ing their broad applicability.

e Rella consistently outperforms TALLRec in terms of AUC
across all three datasets, indicating its superior capability
in handling recommendation tasks by leveraging retrieval-
enhanced instruction tuning.

2) Unlearning Efficiency Comparison: We next conduct ex-
periments to explore the unlearning efficiency of our APA. We
fully follow the efficiency evaluation experiment setting in the
RecEraser paper [20], ensuring that only one sub-model needs
to be retrained for unlearning each time. We primarily compare
our method with both the Retraining and SISA methods, as other
baselines theoretically incur similar unlearning efficiency costs
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Fig. 3. (a) (b) Comparison of unlearning time among Retraining, APA, and
SISA across both backbones.

to those of APA and SISA. The results are shown in Fig. 3(a)
and (b). We omit the results on the Game dataset here, as they
exhibit a similar trend to those on the Book and Movie datasets.
The results demonstrate that APA significantly improves un-
learning efficiency. For example, on the movie dataset, APA
only took 10,335 seconds and 11,280 seconds to achieve the
optimal performance for TALLRec and Rella, making it about
3.96 times and 3.86 times faster (approximately = K) than the
Retraining method. The Retraining method is time-consuming
as it is trained on the whole dataset. In contrast, APA only
requires retraining the specific sub-model responsible for the
unlearned data. From the figures, we can also observe that
APA and SISA exhibit similar unlearning times, as both adopt
data-partition-based unlearning strategies. Moreover, when the
training data is large, we can keep a small shard size to allow for
a large number of data shards K, considering that TALLRec and
Rella can effectively learn recommendations with few samples.
In this case, APA could achieve greater acceleration as long as
only a few sub-adapters are affected by unusable data.

C. Inference Time Comparison (RQ2)

In the previous section, we explored how our APA method
can significantly reduce time during the unlearning process. In
this section, we investigate whether APA can improve efficiency
during the inference stage compared to baselines. We randomly
selected 500 samples from the testing set and measured the
total inference time for these samples, ensuring that only one
LLM inference could be executed at a time. Specifically, in
our default APA method, embeddings and validation errors are
precomputed and cached. As aresult, online inference with APA
only requires similarity computation and attention-based model
aggregation, which are the primary costs we measure. However,
to provide a more comprehensive evaluation, we also consider
a variant where embeddings and validation errors are computed
during testing, denoted as “APA w/o precomput.” For baseline
comparisons, we include SISA and Retraining, and omit other
baselines due to their similar computational costs to the SISA
method.

The experimental results are presented in Fig. 4(a) and (b). We
do not show results on the Game dataset for brevity, as the infer-
ence efficiency trends are consistent with those observed on the
Book and Movie datasets. From the results, we have the follow-
ing observations: 1) Our APA method exhibits small gaps in time
efficiency compared to a single model inference (Retraining),
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Fig. 4. (a) (b) Inference time of Retraining, SISA, APA(D), and APA(ND) on
both backbones.

and the delay for each sample is just approximately 0.02 seconds,
which is entirely acceptable in real-world scenarios. 2) The two
versions of APA with different levels of adapter aggregation
(APA(D) and APA(ND)) demonstrate similar inference costs,
indicating that the two levels of aggregation have comparable
time complexity. 3) SISA has much higher inference time costs
compared to Retraining and APA. This is because SISA performs
prediction-level aggregation for sub-adapters, which involves
additional time for inference cost. 4) “APA w/o precomput”
requires additional computation due to the need for calculating
the testing set embeddings, but even with this extra overhead, our
APA’s inference efficiency remains significantly higher than that
of SISA. These results demonstrate the effectiveness of APA’s
aggregation designs in enhancing inference efficiency.

D. In-Depth Studies(RQ3)

1) Effect of the Data Partition Methods: To validate the
effectiveness of our proposed data partition method, we compare
it with three other grouping methods: random partition, the user-
based partition of RecEraser [20], and BEKM partition [21],
denoted as 'Random,” ’User,” and "BEKM’, respectively. We
replace the original partition method with the three methods
in our APA, respectively, and then compare their performances
with the original one. The experimental findings are illustrated in
Fig. 5. We conduct experiments on all three datasets and draw the
following observations. Replacing the original semantic-aware
partitioning with any of the three alternative methods leads to
performance degradation. For instance, on the Book dataset, the
semantic-aware method achieves an AUC of 0.6738, whereas
random partitioning, user-based partitioning, and BEKM only
achieve 0.6503, 0.6627, and 0.6411, respectively. These results
highlight the importance of semantic-guided partitioning in en-
suring data shard heterogeneity, which facilitates more effective
model aggregation and improved recommendation performance.

2) Effect of the Sample-Adaptive Method: We proceed to
assess the model utility of different aggregation weight assign-
ment methods to demonstrate the effectiveness of our proposed
sample-adaptive method. We compare our methods with the fol-
lowing three choices: 1) average-based, assigning equal weight
for each sub-adapter, 2) major-based, assigning all weights
to the one with the highest w; computed by our method, 3)
semantic-based, which assigns weight according to the seman-
tic similarity of the sample to the center of different shards.
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We conduct a comparison between the APA implemented with
our assignment method and the variants of APA implemented
using the three different methods. The experimental results are
presented in Fig. 6, with *Average,” "Major,” and ’Semantic’
denoting the compared three choices, respectively. Here are
some observations we found: 1) The average-based method
underperforms our sample-adaptive method on both datasets,
highlighting the importance of assigning different weights for
different adapters; 2) The semantic-based method also exhibits
worse recommendation performance than our original method,
confirming the effectiveness of utilizing validation performance
information; 3) Using only the best sub-model choice by our
weight assignments can maintain relatively high recommenda-
tion performance, but there is still a gap compared to our method,
as shown by the results of the major-based method. These
results emphasize the effectiveness of our weight assignments,
and meanwhile, the importance of aggregating knowledge from
different sub-adapters.

E. Hyper-Parameters Studies(RQ4)

We study how the hyper-parameters affect the recommen-
dation performance of APA on the TALLRec backbone, more
specifically, the shard size, neighbor size, and temperature pa-
rameter.

1) Impact of the Shard Size: We investigate the influence of
the shard size on the Book dataset. We configure the shard size as
{512,256, 128} and evaluate unlearning efficiency and recom-
mendation performance. The experimental results are displayed
in Fig. 7. We find that 1) as the shard size decreases, the unlearn-
ing time significantly reduces; 2) In terms of recommendation
performance, as the shard size decreases, it remains relatively
stable before decreasing. For example, when the shard size is 512
and 256, the performance of APA remains very close, and it only

0.70
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(a) Recommendation Perfor-
mance

(b) Unlearning Time

Fig. 7. Impact of the shard size on the unlearning efficiency and performance
on Book dataset. (a) shows the recommendation performance and (b) shows the
unlearning time cost.

significantly decreases at 128. Although each sub-model trained
on 128 samples can still reach the normal performance level
of TALLRec, the increased number of sub-models introduces
greater complexity in aggregation. This makes it harder to assign
accurate attention weights, ultimately leading to a decline in the
overall model performance. This indicates that within a certain
range, we can improve unlearning efficiency by reducing the data
shard size (increasing the number of shards) while maintaining
comparable recommendation performance. In this way, on the
one hand, the cost of retraining individual shards decreases, and
on the other hand, increasing the number of shards may keep
the proportion of adapters requiring retraining relatively low,
thereby enhancing unlearning efficiency.

2) Impact of the Neighbor Size |N,|: We delve deeper into
exploring the impact of the neighbor size |A,| on the Book
dataset. We fix the temperature parameter at 1500 and adjust the
size of the neighbor from {10, 50, 100, 150, 200}. As shown in
the Fig. 8(a), APA achieves optimal performance when |V, | =
100. Furthermore, as increases, there is a noticeable declining
trend in the recommendation performance, indicating that the
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neighbor size needs to be kept at a reasonable magnitude. Too
few similar samples can result in a lack of knowledge, while too
many samples can introduce redundant knowledge. In this case,
using a suitable neighbor size is beneficial.

3) Impact of the Temperature Parameter T: To explore the
impact of the temperature parameter on APA performance, we
fix the neighbor size at 100 and adjust the temperature parame-
ter from {500, 1000, 1500, 2000, 2500}. It is worth noting that
large temperature values are used because sub-model errors
are typically small. Without proper scaling, softmax becomes
too smooth, assigning similar weights to all sub-models. A
larger temperature sharpens the distribution, better highlighting
high-performing sub-models during aggregation. As illustrated
in the Fig. 8(b), the model performance gradually improves as
the temperature parameter increases. However, after reaching
a relatively large temperature coefficient, a decline begins to
occur. This is related to when the parameter is too small, critical
adapters cannot receive sufficient attention. Conversely, when
the coefficient is too large, similar to the major-based approach
mentioned in section IV-D2, it overlooks the influence of other
adapters, leading to a decrease in recommendation performance.
These results suggest that during aggregation, it is essential to
have a reasonable temperature parameter to allocate appropriate
attention to each adapter.

V. RELATED WORK

A. Machine Unlearning

* Machine Unlearning: Machine unlearning, the process of
removing partial training data information from trained ma-
chine learning models, is essential in various domains, including
recommendation, for reasons such as privacy and security con-
cerns [35], [36], [37]. This concept is known as machine unlearn-
ing [12]. In traditional machine learning, two main technique
lines for unlearning have emerged: approximate unlearning and
exact unlearning [38], [39]. Approximate unlearning aims for
unlearning without retraining, using techniques like influence
functions [13], [40] and data augmentation [41], [42] for extreme
efficiency, but it often involves incomplete removal of the data.
On the other hand, exact unlearning [12] typically involves
retraining, ensuring complete unlearning but in a time-costly
manner. Existing work, like SISA [20], [21], [28], [43], focuses
on partition strategies, building individual sub-models for par-
titioned training data shards to retrain only partial sub-models.
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Our method, while also based on the partition strategy, addresses
new challenges posed by the large scale and high inference
cost of Large Language Models (LLMs). This makes our work
distinct from existing methods.

* LLM Unlearning: The challenges presented by Large Lan-
guage Models (LLMs), particularly their large scale, bring forth
new considerations for unlearning. Previous efforts [15], [16],
[17] have explored unlearning for LLMs, but they often involve
approximate methods. For instance, [16] simulates data labels
to approximate the next-token predictions of a model that has
not been trained on the unusable data, and then fine-tunes the
LLM on these simulated labels for unlearning. [15] proposes
”In Context Unlearning”, which leverages in-context learning
by flipping labels of unusable data to achieve approximate un-
learning. [17] leverages the gradient ascent to erase the influence
of unusable data on a trained model with fine-tuning. In the
context of LLM-based recommender systems, [18] introduces
a dual-teacher framework to balance forgetting and retention by
aligning the unlearned model with teacher outputs. Yet, it still
falls under approximate unlearning. In contrast, our approach
focuses on LLMRec and strives for exact unlearning, consid-
ering the significant impact of incomplete removal of sensitive
data.

B. Model Aggregation in LLM

To aggregate the different models, there are two strategies:
1) output aggregation and 2) model weight aggregation. Output
aggregation has been widely studied, and applied for aggrega-
tion process for partition-based unlearning, but could introduce
inefficiency for LLM. Regarding the model weight aggregation,
existing work focuses on leveraging it to better finish tasks
like image classification, multi-domain learning [44], Cross-
lingual information extraction [45], etc. To our knowledge, we
are the first to leverage it for the unlearning task. Meanwhile,
from the technical view, our method has significant differences
from existing work on the aggregation weight assignment. To
achieve weight assignment, previous works usually considered
1) average aggregation [24], 2) greedy aggregation [24], and 3)
learning-based aggregation like simulating Mixture-of-Experts
(MoE) [44], [45]. Differently, we innovatively assign weights
to different sub-models based on the prediction quality of sim-
ilar verification samples, which can achieve effective adaptive
weight assignments without learning.

VI. CONCLUSION

In this work, we introduce a novel and efficient framework,
which, to the best of our knowledge, is the first exact unlearning
method designed for large language model-based recommenda-
tion (LLMRec). To achieve efficient unlearning while preserving
high recommendation performance, we propose an Adapter
Partition and Aggregation (APA) approach, which consists of
1) a balanced semantic-aware data partition method, and 2) a
sample-adaptive method. Additionally, we employ parameter-
level adapter aggregation to create an aggregated adapter to miti-
gate the high inference cost associated with traditional methods.
We carry out comprehensive experiments on three real-world
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datasets, offering insightful analysis of the effectiveness and
efficiency of our approach in removing interaction data.

In our future endeavors, we aim to expand our unlearning
paradigm to encompass other PEFT methods (e.g., Adapter
Tuning [27], and Prompt Tuning [46]), thus widening the adapt-
ability of our method across diverse LLMRec architectures.
At present, how to efficiently unlearn using the data partition
framework in batch settings is still an open problem [12], [28].
We are exploring methods to enhance unlearning efficiency in
batch settings, enabling the management of more unlearn data.
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