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Abstract—Leveraging large foundation models for modality-
based transferable recommender systems (TransRec)—which
learn directly from raw item features like text and images—is
a promising paradigm. However, adapting these models via full
fine-tuning is resource-intensive and often leads to catastrophic
forgetting and overfitting, eroding their valuable pre-trained
representations. To achieve parameter-efficient and generalizable
TransRec, we propose GLAD (Gating LoRA-Adapter) that adap-
tively re-weights the influence of Low-Rank Adaptation (LoRA)
and Adapter by employing a simple gating module, designed as a
learnable controller that generates context-dependent scores from
the input representation. This approach transforms the originally
static, independent components into a cooperative ensemble,
thereby forming an adaptive hybrid strategy, enabling more fine-
grained control over the adaptation process. We conduct an ex-
tensive evaluation on two textual and one visual recommendation
tasks. To assess robustness to data scale, we further evaluate our
method on progressively smaller training subsets. While tuning
only a small fraction of the parameters compared to full fine-
tuning, our method outperforms all baselines on the textual
tasks. On the visual task, our approach substantially narrows the
performance gap to full fine-tuning, achieving nearly comparable
outcomes.

Index Terms—Recommender Systems, Transfer learning,
Foundation models

I. INTRODUCTION

The rise of large foundation models [1] is driving significant
progress in the development in the field of artificial intelli-
gence. Models such as BERT [2], GPT-3 [3], and Vision Trans-
formers [4] are driving a paradigm shift in Natural Language
Processing (NLP) and Computer Vision (CV), leveraging their
strong transfer learning performance on diverse benchmark
tasks. Inspired by these notable successes, the development
of TransRec has emerged as an active research direction
[5]. TransRec offers a promising paradigm for enhancing the
generalization and adaptability of recommender systems. Its
core mechanism involves transferring generalizable knowl-
edge—such as universal user/item representations and their
interaction patterns—learned from source domains with abun-
dant data to new or specific recommendation scenarios. This
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enables superior performance even when the training data in
the target context is limited.

Prior to the era of large foundation models, extensive
research was dedicated to TransRec, with the majority of
approaches being ID-based. Recent efforts such as PeterRec
[6], STAR [7] exemplify this category. The modern recom-
mendation models typically represent users and items with
unique identities (ID) and map them to learnable embedding
vectors. These ID-based recommender models (IDRec) have
been established as the widely adopted paradigm in the
field of recommender systems for over a decade. However,
IDRec suffers from several critical weaknesses that cannot be
ignored. Firstly, user and item IDs are generally not shareable
across different platforms, which makes it difficult to transfer
pre-trained IDRec models to new domains. Secondly, pure
IDRec models cannot directly benefit from the technological
advancements in other fields, such as NLP and CV, including
the powerful foundation models that have emerged in these
areas. To enable broader transfer learning— i.e. no longer
relying on overlapping and shared-ID information, a prevail-
ing approach is to represent items using their raw modality
features (e.g., text or images) and users by their sequence
of item interactions, rather than relying on their IDs [8].
By replacing ID embeddings with powerful item modality
encoders like BERT and ViT, this generation of TransRec has
achieved strong results across numerous downstream tasks.
However, the approach of full fine-tuning presents several
challenges within the context of TransRec. Primarily, full
fine-tuning the entire pre-trained model is computationally
intensive. Furthermore, this method may increase the model’s
risk of overfitting by updating a vast number of parameters,
especially when the downstream training data is scarce or
exhibits a notable domain shift from the original pre-training
task.

To achieve parameter-efficient TransRec, prior work [9]
has explored applying standard parameter-efficient transfer
learning modules like Adapters. To further explore the ef-
fectiveness of this paradigm, we propose GLAD—a method
that employs a gating mechanism to dynamically orchestrate
LoRA and Adapter, enabling more fine-grained and adaptive



control over the tuning process—and validate its performance
and robustness on a more diverse and challenging suite of
tasks.

II. RELATED WORK

A. ID-based Recommender Systems (IDRec)

In recommendation scenarios, IDRec has become the pre-
dominant methodology. These models capture associative re-
lationships by constructing an interaction matrix from user
behaviors, such as clicks and purchases. The evolution of these
models has progressed from traditional item-item collaborative
filtering [10] and shallow factorization models [11] to complex
deep neural networks [12]. They are broadly categorized
into two main classes: non-sequential models and sequential
recommendation models. Non-sequential models encompass
retrieval models like DSSM, as well as Click-Through Rate
(CTR) prediction models such as DeepFM [13], Wide & Deep
[14]. These models typically process user-item pairs as input
to predict a matching score. For interaction data that lacks
temporal dependencies, the mainstream approach relies on
models based on graph convolutional networks, such as NCL
[15]. Additionally, contrastive learning has been incorporated
to refine the capture of associations, as demonstrated in models
like SimGCL [16].

In contrast, sequential recommendation models leverage
sequences of user-item interactions to predict the probability
of the next interaction. Representative architectures include the
RNN-based GRU4Rec [17], the Transformer-based SASRec
[18], and the BERT-based BERT4Rec [19]. Among these,
SASRec has been frequently shown to deliver state-of-the-art
performance.

B. Modality-based Recommender Systems (MoRec)

Spurred by the notable achievements of foundation models
in NLP and CV, research into MoRec has gained significant
momentum, aiming to leverage their strong representation
learning capabilities [5], [8], [20]. MoRec has emerged as
an important research direction to alleviate the classic data
sparsity and cold-start problems by leveraging auxiliary side
information from items’ raw modalities (e.g., texts [21], im-
ages [22], videos [23] and text-image multimodal pairs [24]).
The central idea is to encode these raw features into semantic
representations for recommendation. A notable paradigm shift
in MoRec has been the transition towards End-to-End (E2E)
training. Many early works adopted a two-stage approach,
where features are first extracted using shallow encoders
and then fed into a recommendation model. However, these
encoders, such as Word2Vec [25], and AlexNet [26], pos-
sess limited representation capabilities, failing to capture the
deep semantics important for accurate recommendations. In
contrast, the recent success of large pre-trained models has
enabled the E2E paradigm, where strong encoders like BERT
[2] for text and Vision Transformer [4] for images are fine-
tuned jointly with the recommendation task. This approach

allows the encoders to learn task-specific, high-quality repre-
sentations. Consequently, numerous recent studies have con-
centrated on E2E MoRec, with a primary focus on leveraging
text modality for news and product recommendation [27].

III. PRELIMINARY

A. Overview of TransRec
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Fig. 1. TransRec framework.

Let D = {U ,V, I} denote the recommendation corpus,
where U and V are the user and item sets, and I = {Iu | u ∈
U} stores interaction sequences. For any user u, the behavioral
history is Iu = (v1, . . . , vn), where n is the length of the
interaction sequence.

We aim to predict the next item to be interacted by u ∈ U by
exploiting users’ past behaviors Iu. The TransRec architecture
consists of two submodules: the Item Encoder Eitem and the
User Encoder Euser (Fig. 1).

1) Item Encoder: For each item v ∈ V , we generate its
vector representation zv by encoding its initial raw modality
features mv using a modality-specific encoder Eitem (e.g.,
BERT/RoBERTa for text, ViT/ResNet for images): zv =
Eitem(mv).

To align dimensions, a dimension-transformation layer
(DTL) is inserted between the two modules, projecting the
output of Eitem into the dimensionality expected by Euser:
ev = DTL(zv).

2) User Encoder: The User Encoder, designed to learn a
user’s dynamic preferences from their interaction sequence,
is typically implemented using a Transformer architecture
due to its strong performance on sequential data. However,
alternative models such as RNN, GNN, or MLP network
can also be employed. Here, We adapt two distinct self-
supervised learning frameworks, SASRec and CPC [28], for
user representation learning.

The User Encoder generates the representation ru for user u
by processing the interaction sequence Iu. The input represen-
tation for each item is the sum of its feature embedding and
a corresponding position embedding from P = {p1, . . . ,pn},
and outputs the hidden vectors of corresponding input ele-
ments. The specific process is formulated as follows:

si = pi + ei, for i = 1, . . . , n (1)

(r1, . . . , rn) = Euser((s1, . . . , sn)) (2)



where ri is the representation for user generated from sequence
of item interactions up to step i ,ei are the item vector rep-
resentations obtained after the items of the user’s interaction
sequence pass through the Item Encoder, and si are then the
final input of the User Encoder.

Finally, the resulting user representation vector is used to
compute a relevance score, typically via a dot product with
the representation of each candidate item. The item with the
highest score is then recommended to the user.

B. Parameter-Efficient Transfer Learning (PETL)

Transfer learning aims at improving the performance of
target learners on target domains by transferring the knowledge
contained in different but related source domains. In this way,
the dependence on a large number of target domain data
can be reduced for constructing target learners. Fine-tuning
large pre-trained models is an effective transfer mechanism,
however, in the presence of many downstream tasks, full fine-
tuning is parameter inefficient. To address this, a parameter-
efficient paradigm has emerged, which freezes most of the pre-
trained model and only trains a small, task-specific subset of
parameters—enabling low-overhead adaptation across dozens
or even hundreds of tasks. Among the widely used are Adapter
modules, Low-Rank Adaptation (LoRA), Prompt Tuning, and
other approaches—each of which injects only a small set of
trainable parameters into the frozen backbone.

1) Adapters: Adapters are task-specific neural modules
inserted into a pre-trained model which are implemented by
embedding compact, auxiliary layers into the structure of
Transformer architecture. [29] proposed a parameter-efficient
bottleneck module that projects the original features into a
lower-dimensional space, applies a non-linear transformation,
and then projects them back to the original space. With a
residual connection, the module is formulated as:

Adapter(x) = Wup σ
(
Wdown x

)
+ x. (3)

where Wdown ∈ Rr×d and Wup ∈ Rd×r represent down-
projection and up-projection matrix that project the input
dimension up and down, respectively, and σ(·) denotes a
nonlinear activation function. Pfeiffer Adapter [30] inserts
a single bottleneck block per Transformer layer, positioned
immediately after the LayerNorm of either the self-attention
or feed-forward sublayer, thereby halving the added param-
eters compared to Houlsby’s two-block design. Compacter
[31] parameterizes each adapter’s projection matrices as the
Kronecker product of two shared low-rank bases and employs
hypercomplex multiplication layers to dynamically generate
the down- and up-projection weights. K-Adapter [32] applies
multiple parallel bottleneck adapters within each Transformer
layer, each encoding a different type of knowledge, and sums
their outputs with the original hidden state via a residual
connection before forwarding to subsequent layers of the
model.

2) LoRA: LoRA [33] enables parameter-efficient fine-
tuning by keeping the pretrained weight W0 ∈ Rd×k frozen
and injecting only a low-rank update ∆W .This update is
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Fig. 2. Transformer architecture with representative state-of-the-art parameter-
efficient transfer learning methods.
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Fig. 3. Overview of the gating mechanism, where blue segments correspond
to trainable parameters.

factorized into two much smaller matrices B ∈ Rd×r and
A ∈ Rr×d, so that only B and A are optimized during fine-
tuning. The module is formulated as:

W = W0 +∆W, ∆W =
α

r
BA. (4)

where r denotes the rank of the low-rank decomposition and
α is a scaling factor.

LoRA+ [34] advances the LoRA framework by applying
disparate learning rates to adapter matrices (ηB ≫ ηA), a
technique derived from scaling laws to improve both gradient
flow and numerical stability during fine-tuning.

IV. METHOD

A. Overall

The core principle of PETL is to freeze the vast majority
of parameters in a pretrained model, while only training a
small subset of newly added or modified parameters. Dif-
ferent PETL methods can be designed to target different
functional modules. As shown in Fig. 2, LoRA primarily acts
on the weights within the attention layer, directly affecting



the model’s sequence relation modeling capability. Adapter,
on the other hand, typically functions as a post-processing
module, inserted after the multi-head attention layer or feed-
forward network to adjust and enrich its output semantic rep-
resentations. It is the dual difference in operational mechanism
and architectural position among different PETL methods that
makes the combination of multiple PETL methods possible.

B. Gating Mechanism

To enable fine-grained and adaptive control over the con-
tributions of different submodules, we introduce a trainable
gating module for the Adapter and LoRA modules within
each Transformer layer, denoted as GA and GL (see Fig. 3),
respectively. Intuitively, each gating module is designed to
dynamically assess the utility of its corresponding submodule
conditioned on the input. If a submodule is deemed beneficial
for a given instance, its gate will yield a higher value, thereby
amplifying the module’s influence in the computational graph.
Conversely, as the gate value approaches zero, the submodule’s
contribution is effectively suppressed, tantamount to being
bypassed. However, the practical reality is substantially more
complex, owing to the intricate interdependencies among
these sub-modules and their cumulative effects within deep
networks.

Specifically, for the Adapter module, the gating module GA

is implemented as a feed-forward network with a sigmoid acti-
vation. It takes the Adapter’s input hF to estimate the module’s
importance, producing a gating value in the range (0, 1). This
value then scales the Adapter’s output hA = Adapter(hF ):

OutputA = GA(hF )hA + hF (5)

When GA ≈ 0, the Adapter submodule is effectively bypassed.
Analogously, we apply a gating mechanism to the LoRA

module. Its original design incorporates a static scaling factor,
α, to control the contribution of the low-rank path. However,
this factor is global and input-agnostic. To introduce adaptive
control, we replace this static scalar with a learnable gating
module GL.

Operationally, we set the hyperparameter α to 1, instead
allowing the gating module GL to learn the appropriate
scaling. This gate conditions on the input to the LoRA module,
hL, to dynamically modulate the weight of its low-rank path
output. Consequently, the forward pass for the entire module
is defined as:

OutputL =

(
W0 +

GL(hL)

r
BA

)
hL. (6)

where W0hL is the original output from the pre-trained
weights, and GL(hL) is the dynamic gate value computed
based on the input hL.

C. Module Injection Strategy in Encoders: An Asymmetric
Approach

A critical design choice in GLAD is not just what modules
to use, but where to inject them. The TransRec framework
possesses a natural functional separation between its Eitem

and Euser. Recognizing this functional heterogeneity is key to
optimizing the transfer learning process. We therefore propose
an asymmetric injection strategy, where the two encoders are
adapted with different modules.

1) Comprehensive Adaptation for the Item Encoder: The
Item Encoder’s primary role is to extract detailed semantic
representations from raw item content (e.g., text descriptions,
images). Its effectiveness relies on the deep, layered feature
extraction capabilities of the underlying pre-trained model.
When transferring to a new domain, the nature of relevant
semantics can shift significantly. For instance, technical jar-
gon in a new domain may require the model to adjust its
fundamental attention patterns to focus on different keywords.
Simultaneously, how these extracted features are combined
into a final item representation also needs to be updated.

To address this, we perform a comprehensive adaptation on
the Item Encoder by injecting both Gating LoRA (G-LoRA)
and Houlsby-style Gating Adapter (G-Adapter). G-LoRA is
injected into the multi-head attention layers to fine-tune the
model’s focus, allowing it to dynamically attend to new,
domain-specific textual or visual cues. G-Adapter is inserted
after the feed-forward networks and multi-head attention layers
to learn new, high-level feature transformations, re-calibrating
the item’s semantic meaning for the downstream task. This
dual-module approach ensures a holistic adaptation of the
item’s representation, modifying both low-level attention and
high-level processing in a dynamic manner.

2) Preserving Core Sequential Dynamics in the User En-
coder: In contrast to the Item Encoder, the User Encoder’s
primary role is to model the dynamic, sequential patterns of
user behavior. Its ability to understand temporal relationships
and infer user intent from a sequence of items, learned during
pre-training, represents a generalizable form of knowledge that
is often directly applicable across different recommendation
domains.

Based on this understanding, we posit that altering the core
self-attention mechanism (e.g., with LoRA) is unnecessary
and risks disrupting these well-learned sequential patterns,
potentially leading to negative transfer. Our design principle
is therefore to preserve, not reshape, the User Encoder’s
sequence modeling capabilities.

Consequently, our asymmetric strategy dictates that we
only inject G-Adapter into the User Encoder. The adaptation
challenge here is not to re-learn sequence modeling, but to
teach the model how to interpret the newly adapted item
embeddings within a sequence. G-Adapter thus acts as a
lightweight, task-specific "interpretation layer," adjusting the
model’s understanding of user preferences based on the new
item representations without corrupting the foundational se-
quence processing logic.

V. EXPERIMENT

A. Experimental Settings

1) Datasets: To evaluate the performance of our proposed
method, we conduct experiments on both textual and visual
recommendation tasks. For the textual recommendation task,



TABLE I
SUMMARY OF DATASETS.

Dataset Users Items Interactions Domain

MIND 630,23 79,707 10,928,010 Source

Adressa 82,704 7,659 1,422,408 Target

Eb-NeRD 50,000 7,393 2,074,476 Target

H&M 500,000 86,733 6,500,000 Source

Amazon 21,153 14,348 128,808 Target

we designate the MIND [21] English news recommendation
dataset as the source domain. For the target domains, we
utilize two distinct non-English news datasets: the Adressa
[35] Norwegian news recommendation dataset and the Eb-
NeRD [36] Danish news recommendation dataset. A key
distinction between these two target datasets lies in their
data sparsity and user behavior patterns. The Adressa dataset
features an average of 21.88 interactions per user, whereas
the Eb-NeRD dataset has a significantly higher average of
246.94 interactions per user. We infer from this statistic that
the Eb-NeRD dataset not only possesses greater information
density per user but also exhibits higher user heterogeneity,
thus posing a more significant challenge for recommendation
models. Consequently, to accommodate these differences, we
tailor the construction of user interaction sequences: for the
Adressa dataset, we use the 20 most recent news articles
clicked by each user, while for the more dense Eb-NeRD
dataset, we expand the sequence length to the 40 most recent
articles. For the visual recommendation task, we employ
the H&M personalized fashion recommendation dataset for
the source domain and the Amazon Fashion&Shoes dataset
[37] as the target domain. Due to GPU memory constraints
inherent in processing high-dimensional image features, the
user interaction sequence length for this task is set to 10.
A summary of the statistics for all preprocessed datasets is
provided in Table I.

2) Model Architecture: For item representation, we lever-
age pre-trained models from the HuggingFace platform as
Item Encoder: bert-base-uncased1 and roberta-base2 for tex-
tual features, and vit-base-patch16-2243 for visual features.
We adapt two distinct self-supervised learning frameworks,
SASRec [18] and CPC [28], for user representation learning.
Both architectures are optimized using a Binary Cross-Entropy
(BCE) loss, tailored to their specific objectives.

In the SASRec framework, the User Encoder is trained on a
next-item prediction task. For each user interaction sequence,
the model aims to predict the subsequent item based on the
representation of the preceding items. This step-wise training

1https://huggingface.co/google-bert/bert-base-uncased
2https://huggingface.co/FacebookAI/roberta-base
3https://huggingface.co/google/vit-base-patch16-224

objective is formulated as the following loss function:

LSASRec = −
∑
u∈U

n∑
t=1

[
log σ(rut · eut+1)

+ log(1− σ(rut · ej))
]
. (7)

where rut is the representation for user u generated from se-
quence of item interactions up to step t, eut+1 is the embedding
of the ground-truth next item (positive sample), and ej is the
embedding of a randomly sampled item from the item corpus
(negative sample). The loss is aggregated over all users and
all valid positions in their respective sequences.

In contrast, the CPC framework is trained to predict a target
item using a context vector that summarizes the entire user
interaction history. This encourages model to learn a global
representation of user preference. The corresponding BCE loss
function is defined as:

LCPC = −
∑
u∈U

[
log σ(run · eun+1) + log(1− σ(run · ej))

]
. (8)

where run is the context representation for user u generated
from full interaction history. The model is optimized to distin-
guish the true subsequent item eun+1 from a negative sample ej .
The key difference from SASRec is that the loss is computed
only once per user, based on their complete sequence.

3) Evaluation Metrics: As with the previous works [9],
[28], we split the dataset into training, validation, and test sets
following the standard leave-one-out strategy . Specifically,
for each user, the last interaction is used as the test data, the
second-to-last interaction serves as the validation data, and
the remaining interactions are used for training. We evaluate
all models using two widely-used Top-N ranking metrics: Hit
Rate (HR@N) and Normalized Discounted Cumulative Gain
(NDCG@N), with N set to 10. We rank the ground-truth target
item by comparing it with all the left items in the item pool.
Finally, we report results on the testing set.

4) Hyper-parameters: The User Encoder is configured with
2 Transformer layers, 2 attention heads, and a hidden dimen-
sion of 64. All models are trained using the Adam optimizer
with no weight decay. The learning rate is extensively searched
within the range of [5e-6, 4e-3] to find the optimal value for
each task. A dropout rate of 0.1 is applied throughout the
network to prevent overfitting.

For source domain pre-training, the batch size is set to 64 for
textual task and 16 for visual task. During target domain fine-
tuning, these are reduced to 16 (text) and 8 (vision). The rank
for LoRA modules is fixed at 16, while the hidden dimension
for Adapter modules is searched from the set {16, 64, 128,
192, 384}.

B. Performance Comparison

To validate the effectiveness of our proposed GLAD
method, we select Houlsby Adapter, Pfeiffer Adapter, K-
Adapter, Compactor, LoRA, and LoRA+ as comparative base-
lines. All methods are evaluated on three datasets. The detailed
results are presented in Table II.



TABLE II
PERFORMANCE COMPARISON ON THE ADRESSA, EB-NERD, AND AMAZON DATASETS. TRAINABLE PARAMETERS FOR EACH MODEL BACKBONE ARE

REPORTED WITH THE RESULTS OF THE DATASET WHERE THEY FIRST APPEAR. BOLD INDICATES THE BEST RESULT IN EACH ROW.

Architecture Metrics Full Fine-Tuning Houlsby Pfeiffer Compactor K-Adapter LoRA LoRA+ GLAD (Ours)

Dataset: Adressa

SASRec+BERT
HR@10 39.22 38.58 37.30 31.60 35.95 35.76 35.81 39.43
NDCG@10 21.09 21.03 20.01 16.66 19.18 18.65 18.78 21.50

CPC+BERT
HR@10 34.89 34.75 34.42 28.43 32.42 32.33 32.51 35.84
NDCG@10 18.44 18.06 18.04 14.99 17.12 17.12 17.21 19.23

Trainable Parameters 100% 4.15% 2.12% 0.09% 7.96% 0.56% 0.56% 4.60%

SASRec+RoBERTa
HR@10 38.74 38.03 37.24 32.15 35.76 36.37 36.45 38.92
NDCG@10 20.98 20.67 20.32 16.81 19.11 19.47 19.51 21.23

CPC+RoBERTa
HR@10 34.59 34.04 33.66 30.16 31.55 31.50 31.60 34.72
NDCG@10 18.06 17.85 17.57 15.20 16.10 16.72 16.79 18.03

Trainable Parameters 100% 3.67% 1.87% 0.08% 7.06% 0.49% 0.49% 4.14%

Dataset: Eb-NeRD

SASRec+BERT
HR@10 45.08 44.27 43.07 29.39 40.82 40.97 41.08 45.44
NDCG@10 23.72 23.50 22.76 14.23 21.03 21.15 21.25 24.70

CPC+BERT
HR@10 37.13 36.25 35.10 25.47 30.35 32.18 32.23 37.67
NDCG@10 18.62 17.93 16.78 12.82 15.38 16.06 16.10 19.02

SASRec+RoBERTa
HR@10 45.68 44.71 43.56 31.61 40.75 38.81 38.72 46.40
NDCG@10 24.99 23.64 22.71 15.57 21.19 19.33 19.19 25.13

CPC+RoBERTa
HR@10 37.89 37.03 36.71 24.68 34.90 33.85 33.67 38.25
NDCG@10 19.95 19.15 18.92 12.29 18.07 17.66 17.33 20.03

Dataset: Amazon

SASRec+ViT
HR@10 31.36 30.11 29.50 23.78 24.08 28.59 28.43 30.62

NDCG@10 26.12 25.08 22.06 15.55 14.25 21.81 21.90 25.88

CPC+ViT
HR@10 28.71 27.42 26.55 20.96 19.46 24.12 24.03 28.24

NDCG@10 22.37 21.47 21.18 12.74 11.34 11.83 11.94 22.52

Trainable Parameters 100% 5.24% 2.76% 0.12% 9.93% 0.71% 0.71% 5.91%

The baseline PEFT methods exhibit a clear spectrum of
performance-efficiency trade-offs. Houlsby and Pfeiffer deliver
decent performance with a relatively small parameter budget,
though they do not surpass Full Fine-Tuning. In contrast, K-
Adapter, despite utilizing more trainable parameters, shows a
drop in performance. While LoRA and LoRA+ achieve modest
results, their strength lies in their high parameter efficiency.
At the extreme, Compactor, which pursues extreme parameter
compression, shows a notable degradation in performance.

GLAD surpasses full fine-tuning in almost all task settings
on the two textual recommendation tasks. On the visual
recommendation task, although its performance is lower than
full fine-tuning, the gap is relatively small, which, as suggested
by prior work [9], may be due to the Houlsby Adapter are

designed for NLP tasks. Nevertheless, GLAD’s results are still
the best-performing among all PEFT baselines.

C. Performance under Varying Data Scales

To evaluate the data efficiency and robustness of different
methods, we conduct a series of experiments on the Adressa
and Eb-NeRD datasets. In these experiments, we vary the
dataset size by adjusting the number of users and compare
the performance of our GLAD method against full fine-tuning
and a high-performing baseline, the Houlsby Adapter. The
experimental results are presented in Figure 4.

On the Adressa dataset, we observe that in data-scarce sce-
narios (e.g., with 10k to 30k users), both GLAD and Houlsby
initially outperform the full fine-tuning approach. However,



Fig. 4. Performance comparison of different methods under varying downstream data scales.

a clear divergence emerges as the user scale increases. The
performance of the Houlsby method is eventually surpassed
by full fine-tuning at approximately the 40k user mark. This
indicates that full fine-tuning can leverage larger-scale data
more effectively than Houlsby, revealing the limitations of
the Houlsby method. In contrast, our method maintains its
performance advantage under the experimental data scales,
outperforming or performing comparably to full fine-tuning.
This underscores GLAD’s robustness.

This trend is further accentuated on the more challeng-
ing Eb-NeRD dataset. The same performance dynamics are
observed, but the divergence point appears much earlier.
Houlsby’s performance declines relative to full fine-tuning
after only 20k users, highlighting its limitations in more
complex scenarios. Conversely, GLAD once again showcases
its consistent superiority, maintaining solid performance re-
gardless of the data scale.

On the more challenging Eb-NeRD dataset, this trend is
even more pronounced. The same performance dynamics
emerge earlier: after only 20k users, Houlsby’s performance is
surpassed by full fine-tuning. This highlights its limitations in
more complex scenarios. Conversely, our method once again
shows consistent and stable performance, maintaining a good
showing.

D. Ablation Studies

We conduct a series of ablation studies to deconstruct the
GLAD and investigate the efficacy of its two core design
principles: the asymmetric injection strategy and the dynamic
gating mechanism. The results are presented in Table III.

1) Necessity of the Asymmetric Injection Strategy: The
experimental results show that Static-Asymmetric consistently
outperforms Static-Symmetric across all tested datasets. This
indicates that altering the User Encoder’s core attention mech-
anism interferes with its sequence modeling capabilities and
causes negative transfer; thus, preserving its original structure
is an effective design choice.

2) Contribution of the Gating Mechanism: Both Static-
Asymmetric and GLAD share the same asymmetric injection
strategy, differing only in that GLAD incorporates dynamic
gating module. The experimental results show that GLAD
performs better than Static-Asymmetric. This gain is attributed
to the function of the gating mechanism, which enables the
model to fine-tune in a more nuanced manner.

3) Module Injection Strategy: On all tested datasets,
Houlsby outperforms both Static-Symmetric and Static-
Asymmetric, even though the latter two combine different
modules and have more trainable parameters. At the same
time, our GLAD method outperforms all three of these meth-
ods. This shows that a well-designed strategy is more critical
than merely increasing parameters, and it further emphasizes
that GLAD’s performance stems not from a simple stacking
of modules, but from the synergy of its asymmetric layout and
gating module.

VI. CONCLUSION

In this study, to address the challenge of efficient trans-
fer learning in recommender systems, we propose GLAD.
By leveraging an asymmetric injection strategy and a dy-
namic gating mechanism, our method enables more fine-

TABLE III
ABLATION STUDIES OF DIFFERENT MODULE INJECTION STRATEGIES.

STATIC-SYMMETRIC INSERTS LORA AND ADAPTER IN BOTH ENCODERS,
WHEREAS STATIC-ASYMMETRIC DOES NOT INSERT LORA IN THE USER

ENCODER. RESULTS ON ADRESSA AND EB-NERD ARE BASED ON THE
SASREC + BERT ARCHITECTURE, WHILE RESULTS ON AMAZON ARE

BASED ON THE SASREC + VIT ARCHITECTURE.

Method
Adressa Eb-NeRD Amazon

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

Houlsby 38.58 21.03 44.27 23.50 30.11 25.08

Static-Symmetric 37.40 20.25 43.63 23.10 28.43 22.09

Static-Asymmetric 38.02 20.61 44.17 23.50 29.63 23.47

GLAD (Ours) 39.43 21.50 45.44 24.70 30.62 25.88



grained control over the transfer process. Extensive experi-
ments demonstrate that this precise control allows our method
to strike an important balance between parameter efficiency
and performance, ultimately achieving parameter-efficient and
generalizable TransRec.
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