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Abstract—Popularity bias remains a pervasive challenge in
recommendation systems, where models tend to over-recommend
a few head items while neglecting a vast number of niche
items. Existing debiasing methods are typically computationally
intensive, dependent on specific model architectures, and fail
to fully disentangle popularity bias from intrinsic collaborative
signals. To address this issue, we propose SteerRec, a novel two-
stage framework designed for balanced and precise popularity-
steered recommendation. We employ a plug-and-play Disentan-
glement Adapter to separate popularity bias from core item
representations and an Adaptive Gated Mechanism to dynamically
control debiasing intensity for each item, thereby generating
refined embeddings that reconcile recommendation accuracy with
long-tail fairness in the final results. Extensive experiments on
three real-world datasets demonstrate that SteerRec significantly
improves the exposure and recommendation performance of tail
items while maintaining the overall recommendation quality.

Index Terms—Recommendation System, Popularity Bias, Rep-
resentation Learning

I. INTRODUCTION

In recommender systems, Collaborative Filtering (CF) [1]–
[4], especially Graph Neural Network (GNN)-based methods,
has achieved remarkable success by capturing high-order user-
item connectivity [5]–[8]. However, real-world data inevitably
follows a long-tail distribution: a few popular items dominate
interactions while most are rarely observed [9]. Models trained
on such skewed data tend to entangle item popularity with in-
trinsic collaborative signals within embeddings. Consequently,
the learned embeddings are dominated by popularity shortcuts,
which suppresses the exposure of long-tail items and compro-
mises the ability to model user preferences.

Current research on mitigating popularity bias in recom-
mender systems primarily follows three paradigms. Weight
adjustment and regularization-based methods, such as inverse
propensity scoring (IPS) [10], [11] and fairness-aware calibra-
tion [12], reweight samples to balance the influence of popu-
lar (head) and long-tail items. By contrast, causal inference
approaches [13]–[15], exemplified by MACR [15], employ
causal graphs and counterfactual reasoning to disentangle item
popularity from users’ intrinsic preferences. A third line of
work adopts representation-based techniques [16], [17], such
as DAP [17], which mitigate popularity-related bias in graph
convolutional networks by clustering nodes in the embedding
space and subtracting similarity-weighted degree-based influ-
ences within each cluster after each graph convolution layer.

Although these methods have shown certain effectiveness,
they still suffer from several limitations. First, most of them
require retraining the backbone recommender models, which is
computationally expensive and limits their practical applicabil-
ity in large-scale systems. Second, some debiasing approaches
are designed for specific model architectures, such as GNNs,
and therefore cannot be easily generalized to other recom-
mendation frameworks. Moreover, existing methods mainly
perform superficial item-level adjustments, leaving popularity
signals deeply entangled with the intrinsic collaborative signals
in the learned embeddings.

To address these challenges, we propose SteerRec, a
popularity-steerable recommendation framework as illus-
trated in Fig. 1. The framework consists of two core
stages: Popularity-Steered Representation Learning and
Popularity-Steered Adaptation. In the first stage, to isolate
bias-related components, we propose a plug-and-play Disen-
tanglement Adapter designed to extract latent popularity rep-
resentations, thereby effectively decoupling popularity-driven
noise from essential collaborative signals. In the second stage,
we leverage the extracted popularity representations to perform
debiasing. Recognizing that a uniform debiasing strategy is
suboptimal due to the disproportionate impact of bias across
different items, we design an Adaptive Gated Mechanism. This
mechanism dynamically adjusts the debiasing intensity for
each individual item, enabling precise and fine-grained control
over the mitigation of popularity effects. Finally, SteerRec
achieves a superior balance between recommendation accuracy
and fairness, significantly enhancing the visibility of long-tail
items without compromising overall predictive performance.

Our main contributions are summarized as follows:
• We propose SteerRec, a plug-and-play framework that

disentangles popularity bias from item embeddings with-
out retraining the backbone model, producing debiased
representations that preserve intrinsic collaborative sig-
nals while suppressing popularity-driven artifacts.

• We introduce an adaptive gated steering mechanism that
selectively adjusts popularity-related components of item
embeddings. This allows for the precise and controlled
regulation of each item’s popularity effect.

• We propose a joint optimization strategy that integrates
supervised bias alignment, preference smoothness, and
predictive accuracy, ensuring that the final ranking reflects
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Fig. 1: The overview of the proposed SteerRec framework. Our framework first extracts popularity-driven components with a
Disentanglement Adapter, then applies an Adaptive Gated Mechanism for controllable, item-specific debiasing.

intrinsic user preferences rather than exposure-driven
dominance.

• Extensive experiments on three real-world datasets show
that our method consistently enhances long-tail recom-
mendation performance while maintaining competitive
overall accuracy.

II. PRELIMINARIES

Let U = {u1, u2, . . . , uM} and I = {i1, i2, . . . , iN}
denote the sets of M users and N items, respectively. The
historical interactions are represented by an implicit feedback
matrix R ∈ {0, 1}M×N , where yui = 1 means an observed
interaction (e.g., a click or purchase) between user u and
item i, while yui = 0 indicates the absence of an observed
interaction.

Modern CF backbones, such as LightGCN [8] and
PureMF [18], learn d-dimensional embedding vectors eu ∈ Rd

and ei ∈ Rd for each user u ∈ U and item i ∈ I, respectively.
The predicted preference score ŷui is then computed via the
inner product:

ŷui = e⊤u ei. (1)

To optimize these embeddings, the Bayesian Personalized
Ranking (BPR) loss [19] is widely employed. The loss func-
tion is formulated as:

LBPR = −
∑
u∈U

∑
i∈Nu

∑
j /∈Nu

lnσ(ŷui − ŷuj) (2)

where Nu = {i ∈ I | yui = 1} represents the set of items
that user u has interacted with, σ(·) is the sigmoid function.

III. METHODOLOGY

As mentioned before, the learned item embedding ei on
skewed data often mix intrinsic collaborative signals with
popularity bias, causing popular items to dominate and long-
tail items to be underrepresented. To address this issue, we

propose SteerRec, an adapter equipped with an adaptive gate
that isolates and controls popularity bias, producing debiased
representations that reconcile recommendation accuracy with
exposure fairness.

A. Popularity-Steered Representation Learning

To effectively decouple popularity-driven components from
item embeddings, we introduce a Disentanglement Adapter.
This module isolates bias-related signals from collaborative
features through a low-rank projection architecture.

Given an input item embedding ei ∈ Rd, we project it
through a low-rank transformation to extract the steering vec-
tor vbias. This vector captures the specific feature components
most sensitive to interaction frequency:

vbias = ReLU(eiWdown)Wup (3)

where Wdown ∈ Rd×r and Wup ∈ Rr×d are trainable
projection matrices. The rank constraint r ≪ d restricts the
adapter’s capacity, forcing it to focus on the most pervasive,
high-density patterns. By concentrating on these dominant
frequency-related signals, the adapter ensures that vbias cap-
tures the popularity-driven components of the embedding,
enabling the subsequent steering process to isolate genuine
collaborative signals from popularity interference.

B. Popularity-Steered Adaptation

Upon isolating the bias component vbias, a naive debiasing
strategy would be to directly subtract this popularity-related
information from the original item embeddings. However,
such a rigid approach is often suboptimal, as it may lead
to over-correction by indiscriminately removing signals that
reflect genuine item quality. To overcome this, we introduce an
Adaptive Gated Mechanism to achieve item-specific regulation
of popularity effects.



Specifically, we first define a popularity prior zi to provide
a global statistical reference:

zi =
ln(Pi + 1)− E[ln(P+ 1)]√

Var[ln(P+ 1)]
(4)

where Pi denotes the raw interaction count of item i. The terms
E[ln(P+1)] and Var[ln(P+1)] represent the expectation and
variance of the log-transformed popularity across the entire
item catalog, respectively.

To further control the debiasing intensity, we concatenate
the original embedding ei with the bias vector vbias and feed
them into a Multi-Layer Perceptron (MLP) to derive a gating
coefficient gi ∈ (0, 1):

gi = σ (MLP ([ei ∥ vbias])) , (5)

where ∥ denotes the concatenation operation and σ(·) is the
sigmoid activation function.

Finally, the debiased item representation e′i is obtained
by adaptively scaling and subtracting the normalized bias
component:

e′i = ei − gi · zi
vbias

∥vbias∥2
. (6)

The framework synthesizes the statistical prior zi with the
adaptive gate gi, enabling autonomous control over the inten-
sity of popularity steering.

C. Preference Prediction
Finally, we compute the preference score y′ui between user

u and item i using the debiased representations. Specifically,
the prediction is formulated as the inner product of the user
embedding eu and the debiased item embedding e′i:

y′ui = e⊤u e
′
i (7)

It is worth noting that our disentanglement and steering
processes are applied exclusively to the item embeddings.
The rationale behind this design is that the predicted score in
recommendation is inherently a relative measure of preference
across items. By adjusting item representations while keeping
user embeddings fixed, we can effectively reshape the relative
ranking among items for each user without altering the under-
lying user preference space. This design not only simplifies
the adaptation process but also avoids introducing additional
bias or instability into user representations.

D. Multi-task Learning Objectives
The SteerRec framework is optimized through a joint ob-

jective function that balances recommendation accuracy with
rigorous disentanglement of popularity signals.

1) Popularity Regression Loss (Lpop): To guarantee that
the steering vector vbias effectively captures the underlying
popularity information, we introduce a supervised popularity
regression task. We posit that if vbias is truly representative of
popularity-driven factors, it should possess sufficient predictive
power to reconstruct the item’s relative popularity intensity.

Specifically, we employ a popularity predictor ψ, imple-
mented as a lightweight two-layer Multi-Layer Perceptron

(MLP), to map the isolated bias vector back to its standardized
popularity indicator zi. The identification loss is formulated as
a Mean Squared Error (MSE):

Lpop =
1

|I|
∑
i∈I

∥ψ(vbias,i)− zi∥2 (8)

where I denotes the set of items in the training batch, and zi
is the normalized popularity defined in Eq. 4.

TABLE I: Statistics of Datasets

Features Gowalla Yelp2018 Amazon-book

#Users 29,858 31,668 52,643
#Items 40,981 38,048 91,599
#Train 810,128 1,237,259 2,380,730
#Test 217,242 324,147 603,378
Density 0.00084 0.00130 0.00062
Gini Coeff 0.4410 0.5315 0.4884
Popular Items 53.02% 59.46% 55.49%
Cold Items (<= 5 clicks) 1.48% 2.96% 4.80%

2) Ranking Smoothness Constraint (Lsmth): The Ranking
Smoothness Constraint is designed to prevent popularity from
dominating the predicted scores. We argue that if a user has
interacted with both a popular item i and a niche item j, their
predicted scores should be relatively close. A substantial score
gap indicates that the model is over-relying on item frequency
rather than intrinsic preference.

Specifically, for any user u and a pair of interacted items
(i, j) where i is more popular than j, we define the smoothness
loss as:

Lsmth = −
M∑
u=1

∑
i∈Nu

∑
j∈Nu,zi>zj

lnσ
(
γ − (y′ui − y′uj)

)
(9)

where Nu denotes the set of items that user u has inter-
acted with. In this formulation, γ > 0 acts as a margin
that defines the maximum allowable score difference. By
minimizing Lsmth, we encourage the model to reduce the
disparity between popular and niche items within the user’s
positive interaction set, ensuring that the final ranking is driven
by intrinsic collaborative signals rather than exposure-driven
popularity dominance.

3) Debiased Recommendation Loss (Lrec): To ensure pre-
dictive accuracy, we optimize the model using the Bayesian
Personalized Ranking (BPR) criterion based on the debiased
item representations. The goal is to ensure that for each user,
the preference score for an interacted item i is higher than that
of a non-interacted item j. The loss function is formulated as:

Lrec = −
M∑
u=1

∑
i∈Nu

∑
j /∈Nu

lnσ(y′ui − y′uj) (10)

By optimizing Lrec using these debiased embeddings, the
model learns to prioritize items based on intrinsic user-item
relevance, effectively mitigating the interference of popularity-
driven signals during the ranking process.



TABLE II: Performance Comparison on Three Datasets (Overall vs. Tail)

Datasets Gowalla Yelp2018 Amazon-book

Overall Test Tail Test Overall Test Tail Test Overall Test Tail Test

Methods Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20

LightGCN 0.1819 0.1544 0.0422 0.0185 0.0632 0.0520 0.0087 0.0044 0.0417 0.0321 0.0087 0.0050
IPSCN 0.1325 0.1132 0.0477 0.0213 0.0473 0.0391 0.0136 0.0077 0.0285 0.0221 0.0118 0.0069
CausE 0.1334 0.1137 0.0485 0.0225 0.0492 0.0405 0.0141 0.0085 0.0299 0.0230 0.0127 0.0078
DICE 0.1337 0.1138 0.0493 0.0241 0.0505 0.0409 0.0132 0.0073 0.0348 0.0264 0.0121 0.0074

MACR 0.1635 0.1396 0.0588 0.0295 0.0522 0.0432 0.0131 0.0078 0.0382 0.0298 0.0132 0.0079
Tail 0.1647 0.1391 0.0628 0.0319 0.0570 0.0466 0.0154 0.0095 0.0369 0.0283 0.0151 0.0094
DAP 0.1672 0.1427 0.0708 0.0354 0.0562 0.0461 0.0218 0.0129 0.0414 0.0328 0.0166 0.0102

SteerRec 0.1650 0.1355 0.0769 0.0395 0.0510 0.0410 0.0223 0.0137 0.0414 0.0321 0.0263 0.0174

4) Joint Optimization: The final objective function inte-
grates the aforementioned components with L2 regularization
on the adapter weights Φ:

Ltotal = Lrec + Lpop + Lsmth + α∥Φ∥22 (11)

IV. EXPERIMENTS

We conduct experiments to evaluate the performance of
our proposed framework. Specifically, we aim to answer the
following research questions:

• RQ1: How does SteerRec perform compared to state-of-
the-art models in terms of both overall recommendation
accuracy and performance on tail items?

• RQ2: Can SteerRec effectively alleviate popularity bias
in terms of exposure distribution, and does the learned
bias vector truly capture item popularity?

• RQ3: How do the each components in SteerRec con-
tribute to the balance between accuracy and fairness?

A. Experimental Setup
1) Model and Datasets: We implemented our framework

based on LightGCN [8], due to its efficiency and proven
effectiveness in collaborative filtering. To evaluate the ef-
fectiveness of the proposed method, we conduct experi-
ments on three widely used benchmark datasets: Gowalla,
Yelp2018, and Amazon-Book. Gowalla contains user check-
in data from a location-based social network, representing
implicit user–venue interactions. Yelp2018 and Amazon-Book
represent user interactions in business review and e-commerce
platforms, respectively. These datasets vary in domain charac-
teristics and sparsity levels, providing a comprehensive bench-
mark for evaluating recommendation performance. Detailed
statistics are reported in Table I.

For a fair comparison, we follow the same methodology
for constructing the test set in [8]. Specifically, each item is
ranked by its interaction frequency in the training set, and the
bottom 80% of them are defined as tail items. Based on this
criterion, the Tail Test Set is composed of all test interactions
involving tail items, whereas the Overall Test Set retains all
interactions in the original test set.

2) Compared Methods: We compare our approach with the
following methods:

• IPSCN [20]: A weighting-based method that employs
Inverse Propensity Scoring with variance reduction to
reweight items.

• CausE [21]: A causal framework that learns debiased em-
beddings by modeling exposure and click data separately
via propensity-based regularizers.

• DICE [14]: A causal disentanglement method that par-
titions interactions into interest-driven and conformity-
driven components.

• MACR [15]: A counterfactual inference framework de-
signed to eliminate the direct causal effect of item popu-
larity on ranking scores.

• Tail-GNN [16]: A representation-based model that en-
hances tail node embeddings by simulating missing
neighborhood information.

• DAP [17]: A graph-based debiasing framework that in-
tervenes in bias amplification within GNN layers through
node clustering.

3) Evaluation Metrics: We report the all-ranking perfor-
mance using two widely adopted metrics: Recall@20, which
measures the coverage of relevant items among the top-20
recommendations, and NDCG@20, which further evaluates
ranking quality by assigning higher weights to relevant items
placed closer to the top. Together, these metrics offer a
comprehensive assessment of recommendation accuracy and
ranking quality.

4) Hyper-parameter Settings: We implement the proposed
SteerRec framework using PyTorch and optimize the network
parameters via the Adam optimizer. To ensure consistency and
reproducibility, the embedding dimension d is fixed at 64,
aligning with the pre-trained backbones. We employ a batch
size of 4,096 and a fixed learning rate of 1× 10−4. The low-
rank dimension r is set to 16 to balance model expressiveness
with parameter efficiency. The margin hyperparameter γ in
Eq. 9 is set to 0.2. The L2 regularization coefficient α in
Eq. 11 is specified as 1 × 10−4 to prevent overfitting. All
models are trained for 100 epochs.

B. Performance Comparison (RQ1)
To validate the performance of the proposed SteerRec in

addressing the long-tail recommendation problem, the compre-
hensive performance comparison against all baselines across
three datasets is presented in Table II. Based on the experi-
mental results, we have the following key observations:

• The substantial performance gap between overall and
tail groups confirms the severity of popularity bias
in existing recommendation methods. As shown in



Table II, although LightGCN achieves superior results
on the Overall Test Set, its performance drops signif-
icantly when evaluated on the tail item group specif-
ically. Specifically, the Recall@20 and NDCG@20 on
the Tail Test Set decrease by an average of 80.72%
and 87.99%, respectively, compared to the Overall Test
Set. This sharp contrast suggested that existing models
tend to prioritize memorizing high-frequency patterns
over capturing users’ actual preferences for specialized
items. Such results highlight the necessity of effective de-
biasing interventions. In contrast, our proposed method
significantly narrowed the performance degradation to
48.71% of the Recall@20 and 60.93% of the NDCG@20,
respectively.

• SteerRec achieves a superior balance between ac-
curacy and fairness, significantly boosting tail per-
formance while preserving overall recommendation
utility. As observed in Table II, most conventional de-
biasing baselines (e.g., IPSCN, CausE, and DICE) suffer
from a significant performance drop in the Overall Test
Set. For instance, while LightGCN achieves an Overall
Recall of 0.1819 on Gowalla, most baselines struggle to
exceed 0.13. In contrast, SteerRec demonstrates superior
robustness by achieving substantial gains in the Tail Test
with minimal degradation of overall accuracy. While
representation-based baselines like Tail and DAP show
competitive results on specific datasets, SteerRec demon-
strates superior stability and a more robust accuracy-
fairness balance across all three datasets by consistently
achieving the highest tail gains with minimal overall
performance loss.

• SteerRec adaptively reduces popularity bias, leading
to substantial improvements on sparse, bias-separable
datasets like Amazon-Book. On the Tail Test Set, Steer-
Rec achieves its largest improvement on Amazon-Book,
with Tail Recall reaching 0.0263—a 202.3% gain over
the LightGCN baseline (0.0087). This success can be
attributed to two main factors. First, Amazon-Book has
a large item catalog (91,599 items) with many extremely
sparse items: 4.80% of items have five or fewer inter-
actions, compared to 2.96% in Yelp2018 and 1.48% in
Gowalla. Traditional models often treat these extremely
sparse items as noise due to the lack of sufficient collabo-
rative signals. Conversely, SteerRec utilizes the popularity
prior zi to identify these items and applies adaptive steer-
ing to compensate for their weak representations. Second,
the bias in Amazon-Book is more separable: interactions
reflect a clearer mapping between item attributes and user
preferences than in datasets like Yelp2018, where external
factors introduce complex confounding.

C. Popularity-aware Exposure Analysis (RQ2)
To investigate the impact of SteerRec on exposure fairness,

we analyze the distribution of recommendation frequency
across items with varying popularity levels on the three
datasets. Specifically, we grouped items into six popularity
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Fig. 2: Popularity-aware exposure analysis on two datasets.
Bars indicate the item ratio of each popularity group, while
curves represent the average recommendation frequency.
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Fig. 3: Popularity identification analysis on three datasets.
Each point represents an item, plotting the predicted popularity
score against the ground-truth popularity label. The strong
positive correlation indicates that the extracted bias vector
captures meaningful popularity information.

intervals based on their interaction frequency in the training
set: [0, 10), [10, 50), [50, 100), [100, 200), [200, 500), and
[500+). For each group, we compute the average recommen-
dation frequency and plot the results on a logarithmic scale in
Fig. 2.

As illustrated in Fig.2, the backbone LightGCN model
suffers from pronounced popularity bias. It disproportionately
favors head items, resulting in a recommendation frequency
that far exceeds their presence in the catalog, while the vast
majority of tail items remain under-exposed. While MACR
provides a moderate correction to this imbalance, SteerRec
achieves a more significant and systematic redistribution of
exposure. Specifically, SteerRec effectively suppresses the
over-representation of ”super-head” items and substantially en-
hances the visibility of items in low-popularity brackets—most
notably within the 0–10 and 10–50 interaction intervals. This
demonstrates SteerRec’s superior ability to promote long-
tail content while maintaining a balanced recommendation
ecosystem.

These observations demonstrate that SteerRec effectively
reshapes the exposure distribution to be more equitable. By re-
steering the biased embeddings, the framework ensures a more
balanced allocation of recommendation opportunities without
over-relying on global item popularity.

D. Popularity Identification Analysis (RQ2)
To verify whether the extracted bias vector vbias effec-

tively captures item popularity information, we evaluate the
correlation between the predicted popularity scores and the
ground-truth popularity labels. Specifically, for each dataset,



TABLE III: Ablation study results on Gowalla

Methods Overall Test Tail Test

Recall@20 NDCG@20 Recall@20 NDCG@20

SteerRec 0.1650 0.1355 0.0769 0.0395
w/o Lrec 0.1629 0.1334 0.0775 0.0402
w/o Lsmth 0.1819 0.1543 0.0427 0.0188
w/o Lpop 0.1658 0.1358 0.0750 0.0382

we randomly sample 2,000 items and compute the predicted
scores based on the learned bias vectors. The results are
visualized in Fig. 3, showing that the predicted scores exhibit
a remarkably strong positive correlation with the ground-truth
labels (PCC > 0.94 across all datasets). This indicates that the
bias vectors learned by SteerRec successfully encode salient
popularity features.

We observe that, while the predicted scores of the popularity
predictor ψ closely match the ground-truth for head items, the
variance of predictions is substantially higher for niche items.
This indicates that latent representations of extremely low-
frequency items are inherently uncertain due to data sparsity.
To mitigate the propagation of such instability, we adopt a hy-
brid steering strategy that balances adaptivity with robustness.
Specifically, for popular items, the Adaptive Gated Mechanism
is used to flexibly adjust the influence of popularity bias. For
low-popularity items, we use the deterministic, normalized
popularity prior zi. This dual-path design prevents error prop-
agation in sparse regions while preserving fine-grained, data-
driven control for frequently observed items, enabling stable
and accurate debiasing across the entire popularity spectrum.

E. Ablation Analysis (RQ3)

To investigate the individual contribution of each optimiza-
tion objective within SteerRec, we conduct an ablation study
on the Gowalla dataset by removing key loss components:
the Debiased Recommendation Loss (Lrec), the Ranking
Smoothness Constraint (Lsmth), and the Popularity Regression
Loss (Lpop). The performance variations are summarized in
Table III, leading to the following insights:

• Impact of Lrec: Removing Lrec leads to a marginal
decline in overall performance (Recall@20: 0.1629 vs.
0.1650) but results in a slight improvement in tail-item
metrics. This indicates that while Lrect is essential for
maintaining global recommendation accuracy, its relax-
ation allows the model to prioritize tail-item steering,
reflecting the trade-off between head-item precision and
tail-item exposure.

• Impact of Lsmth: Removing Lsmth causes overall Re-
call@20 to surge to 0.1819, yet tail performance collapses
from 0.0769 to 0.0427 (comparable to LightGCN). This
confirms that Lsmth acts as a crucial regularizer that
prevents the recommendation list from being dominated
by high-probability head items. By narrowing the score
gap between popular and niche items that share similar

TABLE IV: Performance on Tail Test Set Across Three
Datasets

Datasets Gowalla Yelp2018 Amazon-book

Methods Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20

MF 0.0460 0.0221 0.0109 0.0062 0.0088 0.0049
SteerRec 0.0623 0.0328 0.0163 0.0097 0.0213 0.0142

user interest, this constraint forces the model to prioritize
intrinsic preferences over frequency-based shortcuts.

• Impact of Lpop: Removing Lpop leads to a marginal
increase in overall Recall@20 (0.1650 to 0.1658) but a
simultaneous drop in tail performance (0.0769 to 0.0750).
This performance shift indicates that without explicit
popularity supervision, the model tends to favor head
items to optimize global metrics. Thus, Lpop is essen-
tial for enforcing the structural alignment between the
steering vectors and item popularity, ensuring that the
disentangled components accurately capture bias patterns
for equitable recommendation.

In summary, the joint optimization of Lrec, Lsmth, and Lpop

enables SteerRec to achieve a robust balance between overall
accuracy and tail-item fairness, validating the necessity of each
component in our steering mechanism.

F. Generalization to Matrix Factorization
To verify the broad applicability of SteerRec, we extend

our framework beyond graph-based architectures to a standard
Matrix Factorization (MF) backbone. Since SteerRec operates
directly on the representation, it is fundamentally model-
agnostic: any collaborative filtering (CF) paradigm that rep-
resents users and items as vectors can be seamlessly enhanced
by our steering process. Table IV reports the performance on
the Tail Test Set across the three datasets.

As shown in Table IV, integrating our SteerRec consis-
tently improves both Recall@20 and NDCG@20 compared
to the vanilla MF baseline. Specifically, on Gowalla, SteerRec
achieves a Recall@20 of 0.0623 and NDCG@20 of 0.0328,
representing relative gains of approximately 35% and 48%
over MF, respectively. Similar improvements are observed
on Yelp2018 and Amazon-book, indicating that our approach
effectively mitigates popularity bias and enhances the recom-
mendation of long-tail items.

V. RELATED WORK

A. Collaborative Filtering in Recommender Systems
Collaborative filtering (CF) is a widely used approach in rec-

ommender systems that predicts user preferences based on past
interactions. CF methods can be categorized into memory-
based and model-based approaches [1]. Memory-based CF
relies on similarities among users or items to generate recom-
mendations, while model-based CF employs machine learning
models to capture complex patterns in interaction data. Archi-
tectures such as CNNs, RNNs, and AutoEncoders have been
widely adopted [2]–[4]. More recently, GNN–based methods
have gained significant attention due to their ability to model
high-order relations in user–item graphs [5]–[8].



B. Popularity Bias in Recommendation
Recommendation models often suffer from popularity bias,

where popular items dominate interactions and overshadow
long-tail items. Current efforts to tackle this issue can be
broadly categorized into three types: Weight adjustment and
regularization methods, such as inverse propensity scoring
(IPS) and fairness-aware calibration, aim to rebalance the
contributions of head and tail items [10], [11], [22]. Causal
intervention–based techniques leverage causal graphs and
counterfactual reasoning to separate popularity-induced effects
from intrinsic user preferences [13], [14]. Representation-
level techniques and re-ranking strategies either modify latent
embeddings to reduce bias amplification [17] or adjust rec-
ommendation scores directly to enhance exposure for long-tail
items. Despite these efforts, existing solutions are often lim-
ited by high computational overhead, dependency on specific
model architectures. More importantly, they frequently fail to
fully disentangle popularity bias from intrinsic collaborative
signals, leading to sub-optimal trade-offs between accuracy
and fairness.

VI. SUMMARY

In summary, we tackle the challenge of popularity bias in
recommendation systems by proposing SteerRec, a robust two-
stage framework. Our approach first employs a Disentangle-
ment Adapter to isolate popularity-driven noise from the core
item representations, and then leverages an Adaptive Gated
Mechanism to adjust the debiasing intensity for each item
individually. This approach generates debiased embeddings
that provide balanced representation for both popular and
niche items. Experimental results on three real-world datasets
show that SteerRec significantly improves performance on the
Tail Test Set while reserving overall recommendation utility.
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