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Abstract
Popularity bias is a well-known challenge in recommender systems,
where a small number of popular items receive disproportionate
attention, while the majority of less popular items are largely over-
looked. This imbalance often results in reduced recommendation
quality and unfair exposure of items. Although existing mitiga-
tion techniques address this bias to some extent, they typically
lack transparency in how they operate. In this paper, we propose
a post-hoc method using a Sparse Autoencoder (SAE) to interpret
and mitigate popularity bias in deep recommendation models. The
SAE is trained to replicate a pre-trained model’s behavior while
enabling neuron-level interpretability. By introducing synthetic
users with clear preferences for either popular or unpopular items,
we identify neurons encoding popularity signals based on their ac-
tivation patterns. We then adjust the activations of the most biased
neurons to steer recommendations toward fairer exposure. Experi-
ments on two public datasets using a sequential recommendation
model show that our method significantly improves fairness with
minimal impact on accuracy. Moreover, it offers interpretability
and fine-grained control over the fairness–accuracy trade-off.

CCS Concepts
• Information systems→ Recommender systems; Evaluation
of retrieval results.
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recommender systems, popularity bias, fairness, interpretation,
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1 Introduction
Popularity bias is a persistent challenge in recommender systems,
where highly popular items are favored over less popular, long-tail
items that may be more relevant to niche user interests [4, 19, 31].
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This bias arises naturally from collaborative filtering and other
learning-based approaches that reflect patterns in historical interac-
tion data, including skewness toward popular content [15, 21, 25].
While such recommendations may serve mainstream users well,
they limit opportunities for discovery, marginalize niche or newer
items, and reduce exposure fairness. This can ultimately disadvan-
tage both content creators and users with specialized tastes [9, 20,
21, 32].

Most existingmethods tomitigate popularity bias rely on reweight-
ing item scores or modifying model architectures [5, 22, 33]. How-
ever, these techniques often function as black boxes, offering limited
insight into why certain items are recommended or which inter-
nal components drive biased behavior. This lack of interpretability
poses a challenge for diagnosing and correcting systemic biases.

To address this, we turn to Sparse Autoencoders (SAEs)—neural
models designed to activate only a small subset of neurons per input.
This sparsity enables clearer attribution of individual neurons to
specific features or concepts. Recent work in interpretability has
shown that SAEs can uncover high-level, monosemantic neurons in
large language models [3, 8, 17, 23]. Crucially, sparsity makes these
neurons easier to isolate and manipulate without unintended side
effects, a property already leveraged to mitigate bias in language
models [7, 11, 14].

Inspired by these findings, we propose PopSteer, a novel post-
hoc method that interprets and mitigates popularity bias at the
neuron level in deep recommendation models. We begin by train-
ing an SAE to replicate the output of a pretrained recommender,
attaching it to the final layer to capture themodel’s decision-making
process. Then, we generate synthetic user profiles that reflect strong
preferences for either popular or unpopular items. By analyzing
how individual SAE neurons respond to these inputs, we identify
those most responsible for encoding popularity signals.

Once identified, PopSteer adjusts neuron activations to reduce
the influence of popularity-biased neurons and amplify the con-
tribution of neurons aligned with long-tail content. This neuron
steering approach enables fine-grained control over recommenda-
tion behavior while preserving the model’s overall structure and
performance. Our experiments on two public datasets using the
SASRec model demonstrate that PopSteer effectively improves
item exposure fairness with minimal loss in recommendation accu-
racy. Compared to several existing bias mitigation techniques, our
method offers both superior performance and interpretability.

2 Interpretation with Sparse Autoencoder
Formally, let 𝑥 ∈ R𝑑 denote an embedding from the ML model. The
SAE, consisting of an input dimension of size 𝑑 , a hidden dimension
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of size 𝑁 , and an output dimension of size 𝑑 , reconstructs 𝑥 as:

𝑥 =𝑊dec𝑎 + 𝑏pre
where𝑊dec ∈ R𝑑×𝑁 and 𝑏pre ∈ R𝑑 are learnable parameters. The
hidden representation 𝑎 ∈ R𝑁 is computed as:

𝑎 = ReLU(𝑧)
𝑧 =𝑊𝑇

enc (𝑥 − 𝑏pre)
where𝑊enc ∈ R𝑑×𝑁 is the learnable encoder weight matrix. While
ReLu introduces basic sparsity, stricter control is applied by retain-
ing only the top-𝐾 highest activations in 𝑎 and setting all other
activations to zero, as proposed by Gao et al. [8]. With 𝐾 < 𝑑 ,
the top-𝐾 mask activates just a limited subset of neurons. Thanks
to the large hidden dimension 𝑁 , the model can pick from many
candidates, and the resulting sparsity encourages each fired unit to
specialize in a meaningful feature of the input. The SAE is trained
to minimize the following objective:

min
𝑊enc,𝑊dec,𝑏pre

∥𝑥 − 𝑥 ∥22 + 𝛾 ∗ L𝑎𝑢𝑥 (1)

where L𝑎𝑢𝑥 is a loss term preventing dead neurons1. This objective
ensures that the sparse hidden representation maintains fidelity
to the original embedding while revealing the underlying decision
structure. The learned neurons can then be interpreted to explain
which concepts in the input data influence the ML model’s output.

3 Interpreting Popularity Bias
Since each SAE neuron tends to specialize in a distinct concept
from the input data, analyzing their activation behavior reveals how
such concepts influence predictions. To explore this, we generate
synthetic user profiles that highlight popularity bias and examine
how specific neurons respond. This enables the identification of
neurons that either reinforce or counteract popularity signals.

Each synthetic profile is passed through the pretrained recom-
mendation model to obtain the user embedding (i.e., 𝑥 in section 2),
which is then fed into the pretrained SAE for neuron-level analysis.
In the following, we describe our synthetic data generation process
and how we quantify each neuron’s contribution to popularity bias.

3.1 Generating synthetic datasets
We create two types of synthetic user profiles: one biased toward
popular items and the other toward unpopular items. These profiles
simulate user interactions that reflect extreme cases of popularity
preference, enabling clearer observation of neuron activation.

LetU = {𝑢1, ..., 𝑢𝑛} be the set of users, I = {𝑖1, ..., 𝑖𝑚} be the set
of items, and 𝑅 ∈ R𝑛×𝑚 represent the user-item interaction matrix.
Following [1, 31], we define I𝑝𝑜𝑝 (popular or head items) as the
most frequently interacted items and I𝑢𝑛𝑝𝑜𝑝 (unpopular or tail
items) as the least interacted items, both compromising roughly
20% of total interactions. Using these popular and unpopular item
sets, we construct two synthetic datasets: 1) 𝑅𝑝𝑜𝑝 with user profiles
containing only popular items, and 2) 𝑅𝑢𝑛𝑝𝑜𝑝 with user profiles
containing only unpopular items.

To generate 𝑅𝑝𝑜𝑝 , for each user 𝑢 in 𝑅, we follow this process:
1) extract the items interacted by 𝑢 in 𝑅, 2) replace each item 𝑖

1We address the dead neuron issue during SAE training using the auxiliary loss, but
omit the details here due to space constraints (see [8] for more).

with a randomly selected item from I𝑝𝑜𝑝 , and 3) add this modified
profile to𝑅𝑝𝑜𝑝 . We apply the same procedure for generating𝑅𝑢𝑛𝑝𝑜𝑝 ,
using items from I𝑢𝑛𝑝𝑜𝑝 in step 2. This approach preserves the
number of interactions per user, isolating the popularity signal
without altering profile length or interaction density. Importantly,
these synthetic datasets are not used to train the SAE. Instead,
we feed them into a pretrained SAE (trained on 𝑅), to evaluate
its neurons’ activation, ensuring that its learned representations
remain grounded in real user behavior.

3.2 Detecting Neurons Encoding Popularity Bias
To quantify how much each SAE neuron contributes to popularity
bias, we compare neuron activations when processing 𝑅𝑝𝑜𝑝 and
𝑅𝑢𝑛𝑝𝑜𝑝 . Each synthetic dataset is fed into the pretrained SAE, and
the activation levels of the hidden layer neurons are recorded.

Prior work suggests that as neural networks grow in size, neuron
activation distributions tend to approximate a Gaussian distribu-
tion [10, 18, 27]. We leverage this property to use Cohen’s 𝑑 [6] to
measure the effect size of activation differences for each neuron 𝑗 :

𝑑 𝑗 =
𝜇 𝑗,𝑝𝑜𝑝 − 𝜇 𝑗,𝑢𝑛𝑝𝑜𝑝√︂

𝜎2
𝑗,𝑝𝑜𝑝

+𝜎2
𝑗,𝑢𝑛𝑝𝑜𝑝

2

(2)

where 𝜇 𝑗,𝑝𝑜𝑝 and 𝜇 𝑗,𝑢𝑛𝑝𝑜𝑝 are the mean activations of neuron 𝑗

under 𝑅𝑝𝑜𝑝 and 𝑅𝑢𝑛𝑝𝑜𝑝 , respectively, and 𝜎 𝑗,𝑝𝑜𝑝 and 𝜎 𝑗,𝑢𝑛𝑝𝑜𝑝 are
the corresponding standard deviations.

Cohen’s 𝑑 provides a normalized measure of the difference be-
tween two distributions. A high absolute value of 𝑑 𝑗 indicates that
neuron 𝑗 is strongly responsive to popularity-related patterns. Posi-
tive values suggest alignment with popular content, while negative
values imply a focus on unpopular or niche items.

4 Popularity Bias Mitigation Approach
To counteract popularity bias in recommendations, we use the
computed Cohen’s d values to identify neurons most responsible
for encoding popularity signals. Our method, PopSteer, applies a
process called neuron steering, which systematically adjusts these
neuron activations to reduce bias and promote fairer item exposure.

Neuron steering modifies the hidden activations within the SAE
to either amplify or suppress the influence of popularity-related
neurons. The adjustment is guided by each neuron’s𝑑 𝑗 score, which
reflects its alignment with popular or unpopular items. We first
assign a weight𝑤 𝑗 to each neuron 𝑗 based on the normalized abso-
lute value of its 𝑑 𝑗 score. This weight determines how much each
neuron’s activation will be adjusted:

𝑤 𝑗 = 𝛼 ·
|𝑑 𝑗 | −min( |𝑑 |)

max( |𝑑 |) −min( |𝑑 |) (3)

where 𝛼 is a tunable hyperparameter that controls the overall
strength of the steering and 𝑑 is the Cohen’s d values of all neurons.
Neurons with stronger associations to popularity bias (higher |𝑑 𝑗 |)
receive larger weights. Next, we modify the original activation 𝑎 𝑗
of neuron 𝑗 to obtain a new activation 𝑎′

𝑗
:

𝑎′𝑗 =

{
𝑎 𝑗 +𝑤 𝑗 · 𝜎 𝑗 , if 𝑑 𝑗 < 0
𝑎 𝑗 −𝑤 𝑗 · 𝜎 𝑗 , if 𝑑 𝑗 > 0

(4)
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Figure 1: Performance comparison of PopSteermethod with the baselines in terms of nDCG and fairness metrics on ML-1M.
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Figure 2: Performance comparison of PopSteermethod with the baselines in terms of nDCG and fairness metrics on Last.fm.

This adjustment boosts neurons promoting unpopular items
(𝑑 𝑗 < 0) and suppresses those favoring popular items (𝑑 𝑗 > 0).
By realigning neuron activations, PopSteer mitigates the overrep-
resentation of popular items, leading to more balanced exposure
across items. The updated SAE then returns the modified user em-
bedding, which is used alongside item embeddings from the base
recommendation model to generate the final recommendation list.

5 Experiments
This section outlines our experimental setup, including datasets,
evaluation metrics, baselines, and experimental results.

5.1 Dataset
We conduct experiments on two public datasets: MovieLens 1M (ML-
1M) [12] and Last.fm [24]. Following standard preprocessing [13,
16], we create 5-core sample on both datasets, where each user has
at least 5 interactions and each item is interacted with by at least 5
users. Both datasets include timestamp informtion, enabling their
use in sequential recommendation task. Table 1 summarizes the
statistical properties of these datasets.

5.2 Experimental setup
We evaluate recommendation performance along two dimensions:
ranking performance and fairness. Ranking quality is measured
using nDCG@10. To evaluate fairness, we report long-tail cover-
age [20]—the proportion of recommendations that come from the

Table 1: Statistics of the datasets.

Dataset #Users #Items #Interactions Density

ML-1M 6,040 3,417 999,611 0.048
Last.fm 1,363 2,976 64,286 0.016

unpopular (tail) item set (I𝑢𝑛𝑝𝑜𝑝 )—and the Gini Index [2], which
captures how uniformly items are exposed across users. A lower
Gini Index indicates fairer exposure.

We compare our PopSteermethod with the following baselines:

• Inverse Popularity Ranking (IPR) [30]: A reweighting
approach that adjusts relevance score for user-item pairs
based on inverse popularity: 𝑠𝑢,𝑖 = 𝑠𝑢,𝑖/(1 + 𝛼 𝜌𝑖 ), where
𝜌𝑖 = pop(𝑖)

/
max𝑗∈I pop( 𝑗) and 𝛼 is a hyperparameter

controlling the degree of mitigating bias. We tune 𝛼 ∈ {0.1
, 0.3, 0.5, 0.7, 1}.

• FA*IR [29]: A post-processing approach that enforces fair-
ness by ensuring a minimum proportion of unpopular items
appear within each prefix of the top-k list. In our experiment,
we set the proportion of unpopular items to 𝑝 ∈ {0.3, 0.5, 0.7
, 0.9, 0.99} and the significance level to 𝛼 ∈ {0.01, 0.05, 0.1}.
We set the size of long recommendation lists to 500.

• PCT [26]: A two-sided method that balances user-level and
system-level exposure. A solver computes exposure targets
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Figure 3: Interpretability analysis of PopSteer: effect of de-
activating 𝐾 ′ identified neurons linked to popularity bias.

using linear programming, followed by a reranker that mod-
ifies each user’s recommendation list using a modified MMR
strategy. Hyperparameters are tuned similar to FA*IR.

• P-MMF [28]: A resource allocation algorithm based on dual-
space optimization. It dynamically and proportionally ad-
justs exposure across popular, unpopular, and mid items
according to group sizes, updating after each user interac-
tion. We tune the learning rate 𝜂 ∈ {0.0001, 0.001, 0.01} and
the fairness constraint parameter 𝜆 ∈ {0.001, 0.01, 0.1, 1, 10}.

• Random: A simple baseline that randomly selects 𝑘 items
from an initial longer recommendation list. We test the
method using list sizes {15, 30, 50, 75, 100}.

We use SASRec [16] as the backbone recommender, which lever-
ages self-attention to capture temporal dynamics in user behavior.
For splitting the data, user histories are sorted chronologically, with
the most recent interaction used for testing, the second-most for
validation, and the remainder for training.

SASRec is trained with a learning rate of 0.001 and early stopping
(patience = 10 epochs) based on validation nDCG@10. For SAE, we
use total reconstruction loss as the objective [8]. The SAE includes
two key hyperparameters: the scale factor 𝑠 ∈ {8, 32, 64}, which
determines the size of the hidden layer relative to the input, and
the sparsity level 𝐾 ∈ {16, 32, 48}, which specifies the number of
top activations retained in the hidden layer. Both SASRec and SAE
are trained with the Adam optimizer and a batch size of 4096.

Our proposed PopSteer method involves two tunable hyperpa-
rameters. The first is 𝛼 , which controls the intensity of neuron steer-
ing (see Eq. 3), which we set to 𝛼 ∈ {1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0}.
The second isN , which specifies how many neurons with the high-
est absolute Cohen’s d value are selected for activation adjustment,
as detailed in Section 4. We tuneN ∈ {1024, 2048, 3072, 4096} out of
total neurons 𝑁 = 4096. Our implementation and code is available
at https://github.com/parepic/PopSteer.

5.3 Experimental results
Figures 1 and 2 present our main results, comparing PopSteer
with SASRec and several baselines across both nDCG and fairness
metrics on the ML-1M and Last.fm.

On ML-1M (Figure 1), PopSteer consistently outperforms all
baselines in enhancing fairness while maintaining strong accu-
racy. P-MMF achieves moderate fairness improvements but at the
cost of notable accuracy loss and limited flexibility. While PCT,

Table 2: Ablation study: PopSteer (PS) vs. Random Noisifica-
tion (ML-1M: 𝛼 = 1.5, 𝜉 = 0.35; Last.fm: 𝛼 = 4.0, 𝜉 = 1.0).

NDCG@10 ↑ LT Cov.@10 ↑ Gini@10 ↓

Dataset N PS Noise PS Noise PS Noise

ML-1M

0 0.1166 0.1166 0.4917 0.4917 0.7491 0.7491
1024 0.1169 0.1123 0.5065 0.5333 0.7470 0.7387
2048 0.1167 0.1129 0.5346 0.5440 0.7315 0.7376
3072 0.1135 0.1103 0.5704 0.5463 0.7016 0.7367
4096 0.1106 0.1110 0.6241 0.5485 0.6677 0.7394

Last.fm

0 0.6247 0.6247 0.8722 0.8722 0.5859 0.5859
1024 0.6186 0.5867 0.9015 0.8575 0.5193 0.5819
2048 0.6126 0.5932 0.9167 0.8598 0.4876 0.5885
3072 0.6044 0.5977 0.9161 0.8677 0.4840 0.5824
4096 0.6036 0.6015 0.9150 0.8628 0.4826 0.5878

IPR, and FA*IR show performance comparable to PopSteer near
nDCG∼0.12, two key patterns highlight PopSteer’s superiority.

First, PopSteer achieves a more favorable trade-off between
fairness and accuracy, delivering significantly better fairness gains
for only slight reductions in nDCG. Second, other baselines often
continue to lose accuracy without corresponding fairness gains,
particularly below nDCG∼0.11. In contrast, PopSteer maintains
stability—avoiding unnecessary accuracy degradation when fair-
ness stabilizes. This behavior suggests the reliability of PopSteer.

A similar trend appears on Last.fm (Figure 2). Although FA*IR
achieves marginally higher long-tail coverage in some settings,
PopSteer consistently yields better Gini Index scores, indicating
a more balanced distribution of item exposure. Overall, PopSteer
demonstrates greater reliability, consistency, and stability in bal-
ancing fairness and recommendation quality.

5.3.1 Interpretability Analysis. To assess the interpretability of
PopSteer, we conducted a controlled neuron manipulation study.
Specifically, we manually deactivated the top-𝐾 ′ neurons identified
by PopSteer as most strongly associated with popularity (Cohen’s
𝑑 > 1) or unpopularity (Cohen’s 𝑑 < −1).

Figure 3 illustrates how Gini Index evolves as these neurons
are progressively turned off. When neurons contributing to pop-
ularity are deactivated (blue line), the Gini Index consistently de-
creases—highlighting their role in reinforcing popularity bias. Con-
versely, turning off neurons associated with unpopular items (or-
ange line) leads to an increase in Gini Index, confirming their impor-
tance in enhancing exposure fairness. These findings demonstrate
that PopSteer not only mitigates popularity bias effectively but
also provides actionable, interpretable insights into the neural basis
of bias—enabling more transparent and controllable interventions.

5.3.2 Ablation study. To verify the effectiveness of controlled steer-
ing, we perform a comparative analysis with a baseline in which
random Gaussian noise is added to neuron activations instead of
targeted neuron steering. Specifically, we vary the number of neu-
ronsN subjected to perturbation, while fixing the hyperparameters
𝛼 for PopSteer and the standard deviation (𝜉) for the Gaussian
noise. Both hyperparameters (𝛼 and 𝜉) are tuned individually for
each dataset to ensure that the resulting reduction in nDCG@10
does not exceed 10% compared to the original unsteered model.
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Table 2 presents the results of our ablation study, comparing
PopSteer to the noise-based baseline. We observe that PopSteer
consistently yields superior fairness outcomes relative to random
Gaussian noise perturbation across both datasets. Specifically, while
the noise-based method shows minimal variability and no meaning-
ful increase in fairness metrics as we vary the number of perturbed
neurons (N ), PopSteer demonstrates a clear and predictable im-
provement in fairness with increasing N . This indicates that the
fairness improvements achieved by PopSteer are directly attribut-
able to targeted neuron selection rather than random perturbations.

6 Conclusion
This work introduces PopSteer, a post-hoc method for interpret-
ing andmitigating popularity bias in recommendation models using
Sparse Autoencoder. By identifying and adjusting neuron activa-
tions linked to popularity signals, PopSteer improves exposure
fairness without sacrificing accuracy. Our experiments on pub-
lic datasets demonstrate its effectiveness and reliability compared
to existing baselines. Beyond performance, the method offers in-
terpretability and fine-grained control, making it a practical and
transparent solution for fairness-aware recommendation.
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