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1
Abstract

Popularity bias is a long-standing challenge in recommender systems, where a small set of highly pop-
ular items dominates recommendations, while the majority of less popular items are overlooked. This
imbalance undermines fairness, decreases recommendation diversity, and negatively impacts users’
ability to discover novel or niche content. Although existing mitigation methods address this issue to
some extent, they often lack transparency in how they operate - they fix the symptoms without exposing
the internal mechanisms that generate the bias, which makes the effects of bias difficult to interpret or
control. As modern recommendation models increasingly rely on deep learning based architectures,
which are inherently hard to interpret, this opacity has become a fundamental limitation.

This thesis introduces PopSteer, a novel post-processing strategy to analyze and mitigate popularity
bias in deep recommender systems that is also interpretable. PopSteer builds on a Sparse Autoen-
coder that converts dense embeddings into a sparse feature space where individual neurons align with
human-readable features. PopSteer consists of 3 stages: (i) Sparse Autoencoder training (ii) Neuron
analysis stage through synthetic data (iii) Neuron steering stages. In the training stage, a Sparse Au-
toencoder (SAE) is attached to the hidden representation of a pretrained model to generate a relatively
disentangled feature space, where individual neurons correspond to features. In the neuron analysis
stage, two synthetic user sets are passed through the SAE, one set favoring popular items and the
other favoring unpopular items. Each neuron’s alignment with popularity is quantified from the differ-
ence in activation between the two sets using Cohen’s d. In the neuron steering stage, activations of
the most biased neurons are adjusted.

Experimental results show that PopSteer consistently increases exposure fairness with only minor ac-
curacy degradation compared to state-of-the-art baselines. Effects are stronger when synthetic sets
are used in the neuron analysis stage, as opposed to real data, because they better isolate the bias
by providing extreme preference patterns. Furthermore, its neuron-level analysis provides insights into
how popularity bias emerges within model embeddings, and validates the interpretability of individual
neurons. Sensitivity analysis demonstrates that the hyperparameters have a predictable but asymmet-
ric effect on accuracy and fairness. The count of steered neurons matters less than selecting the right
neurons, which keeps intervention focused and efficient. Results show that inference and training costs
stay modest, indicating deployability. Overall, the results indicate that PopSteer provides an effective
and interpretable way to reduce popularity bias in deep recommender systems, while keeping accuracy
loss manageable.
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2
Introduction

Recommender systems play a vital role in managing online information overload and improving cus-
tomer relationship management [84]. By providing users with customized recommendations, these
systems improve their online experience on a variety of digital platforms. They are widely used in
applications such as movie recommendations for viewers, travel suggestions for tourists, and job re-
commendations for professionals. From the companies’ perspective, the primary goal of these recom-
mender systems is usually to identify pertinent products that suit users’ preferences to boost business
profits. From the users’ perspective, recommender systems help them discover content that was pre-
viously unknown to them. Typically, feature engineering techniques based on user preferences, item
features, and their interactions (e.g., clicks or reviews) form the basis of recommender systems’ working
principle.

For the remainder of the section, we will proceed by first summarizing the well-known challenge of
“popularity bias” in the current recommender systems research. Then, we discuss the limitations of the
existing popularity bias mitigation approaches and provide a brief summary of our proposed solution.
Finally, we end the section with the list of research questions our thesis aims to explore.

2.1. Problem definition
Bias in recommender systems is a systematic error that favors certain items or users, often leading to
side effects such as reinforcing inequality, limiting discovery, and decreasing user satisfaction [24]. It is
typically the byproduct of the imbalanced training data that misrepresents parts of the population [24].
Since recommender systems rely on machine learning algorithms that have been shown to inherently
mirror patterns present in their training data, they carry these distortions into (and often amplify them)
the recommendations [71].

The primary focus of this thesis is on “popularity bias”, one of the prominent types of bias in recom-
mender systems. It refers to the tendency of models to prioritize highly popular items (those frequently
interacted with) over less popular, “long-tai” items that might appeal strongly to niche user groups [98].
Popularity bias remains a significant barrier to achieving fairness and optimal performance in recom-
mender systems [10].

The long-tail phenomenon in recommender systems is depicted in Fig. 2.1. The product rank is dis-
played on the x-axis, while the y-axis shows the quantity of ratings for each item. The top 20 percent of
items are separated by the vertical line based on popularity. Their total ratings are significantly higher
than those of the 80 percent tail items to the right. These “short-head” items are very popular, like
blockbuster movies in a movie recommender system, attracting significantly more user attention.

One practical implication of popularity bias is the “rich-get-richer” effect, where already popular items
get even more popular due to increased user exposure stemming from the algorithmic bias in recom-
mendations [12]. An excessive emphasis on popular products can be detrimental to both customers
and suppliers [12]. Customers may believe that the suggestions are insufficiently innovative, failing to
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Figure 2.1: The long-tail phenomenon in recommender systems [33]

facilitate discovery. On the other hand, providers miss out on the chance to sell from the long tail by
primarily promoting products that customers may have already purchased or consumed, in addition to
failing to provide sufficient discovery support.

2.2. Research gap
Although numerous methods have been proposed to mitigate popularity bias, most operate as black-
box approaches with limited transparency. As will be discussed in Chapter 3, common strategies in-
clude reranking recommendation lists or introducing additional loss terms during training. While these
techniques can be effective in reducing bias, they typically obscure the internal mechanisms driving the
phenomenon. Consequently, the underlying sources of popularity bias remain hidden, which makes it
difficult to diagnose, interpret, or refine the mitigation process.

In recent years, transparency has become a central focus in recommender systems research. Tradi-
tionally, recommender system research has emphasized algorithmic accuracy - optimizing prediction
quality or ranking metrics. However, as these systems have become more complex and influential,
there is growing recognition that accuracy alone is insufficient [112]. Recommenders are increasingly
deployed in domains such as e-commerce, news, and entertainment, where they directly shape user
choices and preferences. In these settings, transparency plays a crucial role: it allows users to under-
stand why particular items are recommended, helps practitioners detect potential biases, and allows
external stakeholders to evaluate whether system behavior aligns with ethical and regulatory standards.
A lack of transparency makes it difficult to detect issues such as popularity bias, echo chambers, or
unfair treatment of certain user groups, other than decreasing user trust [112].

A major reason for this lack of transparency is the growing reliance on deep neural networks in recom-
mendation models [42, 13, 123]. Neural architectures such as recurrent networks, transformers, or
graph neural networks are highly effective at capturing complex patterns in user–item interactions, but
their layered, nonlinear computations make it extremely difficult to trace how individual inputs contribute
to the final recommendation [128]. This lack of transparency limits our ability to explain why a certain
item was recommended or which internal components drive biased behavior.

Interpretability (a more precise term for transparency in the context of deep learning models) in recom-
mender systems offers significant benefits for multiple stakeholders. It can be defined as the ability
to understand why a model makes particular predictions, and which internal components are respons-
ible for certain behaviors [127]. From a system designer’s perspective, interpretability is valuable for
identifying biases, debugging model failures, and improving fairness. From a broader perspective, it
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also enables stakeholders to gain confidence that the system’s outputs are not only accurate but also
aligned with desired ethical and social outcomes.

For example, consider a movie recommendation model that consistently promotes blockbuster films
while rarely suggesting independent titles. Without interpretability, this skew might appear as a natural
reflection of user preferences. However, an interpretable model could reveal that certain neurons or
latent factors are disproportionately sensitive to item popularity rather than user relevance. This insight
allows designers to intervene directly, ensuring that recommendations better balance mainstream and
niche content while still serving user needs.

In another context, consider recommender systems used by online platforms governed by legislation
such as the EU’s Digital Services Act [29]. These regulations may require platforms to provide explan-
ations for how recommendations are generated, especially when they influence access to information,
culture, or commerce. Without interpretability, compliance becomes difficult, as companies cannot
clearly justify why specific items are recommended. However, with interpretable models, regulators
and auditors can trace which factors (such as content popularity, user demographics, or engagement
metrics) drive recommendations. This approach not only facilitates regulatory compliance but also
reinforces accountability of algorithmic decisions to societal and ethical norms.

2.3. Proposed solution
As noted earlier, neural networks are notoriously difficult to interpret. As we will revisit in Section 4.1,
this stems from polysemanticity: individual neurons do not map neatly to single concepts but instead
entangle multiple features and depend heavily on one another [16]. To address this challenge, we turn
to Sparse Autoencoders [93], a technique that has recently gained significant attention.

Sparse Autoencoders are a type of autoencoder trained with additional sparsity constraints, such as
L1 regularization, to reconstruct input data [93]. The resulting sparsity encourages hidden neurons
to become relatively disentangled and specialized. From an interpretability perspective, this property
is highly desirable, as specialized neurons can reveal meaningful insights into the model’s decision-
making process.

With respect to popularity bias, Sparse Autoencoders can serve as a tool for detecting and attenuating
popularity signals within the model. To this end, we introduce PopSteer, a post-processing method that
leverages Sparse Autoencoders both to interpret internal representations and tomitigate popularity bias
in recommender systems through selective neuron steering. A more detailed explanation of Sparse
Autoencoders and their application in this work is provided in chapters 4 and 5.

2.4. Research questions
Our thesis aims to answer the following research questions:

• RQ1: To what extent can neuron-level interventions with PopSteer mitigate popularity bias in re-
commender systems while maintaining recommendation accuracy, and how does its performance
compare to established baseline methods?

• RQ2: How effective is PopSteer in providing interpretability of deep recommender models by
identifying and steering neurons responsible for popularity signals?

• RQ3: Which hyperparameter choices of PopSteermatter most, and do deliberate hyperparameter
changes produce consistent, predictable effects on fairness and accuracy?

Each research question aims to evaluate a separate aspect of PopSteer. RQ1 aims to evaluate the
effectiveness, RQ2 evaluates the interpretability and RQ3 measures the controllability of PopSteer.

2.5. Thesis structure
This thesis is structured into 9 chapters. Chapter 3 introduces bias and fairness in recommender sys-
tems, then narrows to popularity bias and how it can be mitigated. It also reviews prior work on in-
terpretability in recommender systems. Chapter 4 introduces the phenomenon of monosemanticity,
provides background on Sparse Autoencoders and how they enable it, and reviews their recent ap-
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plications across domains for interpretability and model steering. Chapter 5 contains our methodology,
providing an in-depth explanation of each of the stages of the PopSteer pipeline (Training, interpretation,
mitigation). Chapter 6 consists of experimental details, such as datasets, choice of backbone recom-
mender system, baselines, evaluation metrics, and other implementation specifics. Chapter 7 contains
the results of the experiments, and Chapter 8 contains the detailed discussion of the results, including
limitations and future work. Chapter 9 concludes with a summary of the study’s main findings.
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3
Related Work

Recommender systems can be broadly categorized into collaborative filtering-basedmodels and content-
based models [108]. Collaborative filtering-based systems make recommendations by analyzing user
interactions, such as ratings or purchase histories, to identify patterns and similarities among users or
items. For example, if user A and user B have similar viewing histories, a collaborative filtering system
might suggest shows to user A based on what user B has watched. The content-based filtering ap-
proach, on the other hand, recommends items by comparing the content features of items with a user’s
preferences. For instance, if a user has shown interest in action movies, the system will recommend
other action movies by analyzing item descriptions and metadata. There are also hybrid systems that
integrate both methods to leverage their respective strengths.

In recent years, deep-learning-based recommender systems have gained widespread adoption due to
their ability to capture complex user-item interaction patterns. Some notable advancements include:

• Neural-Collaborative Filtering: This method uses neural networks to model nonlinear relation-
ships in user-item interactions and provides better representation learning than traditional CF-
based methods [54].

• Transformer-Based Sequential Recommenders: Transformer architectures like Self-Attentive
Sequential Recommendation (SASRec) [64] have become popular due to their ability to capture
long-term dependencies more effectively than RNN-based recommenders.

• Knowledge Graph-Based Recommenders (KGRec): Integration of Knowledge Graphs (KGs)
has been one of the latest advancements in the field of recommender systems. Knowledge
Graphs integrate structured semantic relationships between items and users, improving recom-
mendations through graph-based reasoning [113].

Despite their success, modern recommender systems still suffer from bias and fairness issues. This
chapter first surveys fairness and bias in recommender systems, then examines popularity bias and
mitigation techniques, and finally reviews research on interpretable recommender systems.

3.1. Bias and fairness in recommender systems
The lifecycle of a recommender system can be categorized into (i) data collection, where relevant data
is gathered, (ii) model learning, which represents the learning of the model using the collected data, and
(iii) serving, which returns the recommendation results to users [24]. In this lifecycle, multiple biases
may emerge either from the data collection or the model training stages [24].

Chen et al. define data bias as the mismatch between the distribution from which the training data is col-
lected and the ideal, unbiased test distribution that reflects users’ true preferences [24]. The ideal test
distribution represents complete and unbiased user behavior, and the training data typically deviates
from it due to various inherent biases in the data. For instance, selection bias arises because users
freely choose which items to rate, so observed ratings may not represent their full preferences [24].
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Exposure bias occurs because users can only interact with items they have been exposed to, so inter-
action is not a strong signal for liking. Other famous forms include conformity bias, where users imitate
others’ opinions rather than relying on their true preference [83], and position bias, where users tend
to interact with items ranked higher in the recommendation list [28].

Bias may also arise from the model itself, which is, in fact, natural. The goal of a recommender model
is to learn patterns from the training data that generalize to unseen data. Achieving such generalization
requires making certain assumptions about the data, without which learning would be impossible. This
phenomenon is known as inductive bias [24]. In machine learning, this relates to the well-known bias–
variance tradeoff, which suggests that some degree of bias is necessary for good generalization, and
eliminating bias entirely would lead to overfitting on the training data.

The potential implication of the existing bias in the data and the model is unfairness in the recommend-
ation outcomes. Unfairness arises when a system systematically disadvantages certain individuals or
groups [24]. For instance, if specific demographic attributes such as gender or race are underrepresen-
ted in the training data, this imbalance is likely to be reflected in the generated recommendations. As
an example, prior research has shown that women encountered fewer ads about high-paying jobs and
career coaching services than men in a job recommendation platform due to gender imbalance in the
dataset [30]. Popularity bias is a specific type of fairness issue, where already popular items receive
disproportionate exposure. This thesis is mainly centered on the elimination of popularity bias. In the
next section, we discuss this issue in recommender systems in detail.

3.1.1. Popularity bias in recommender systems
Popularity bias often emerges through interactions with other biases [24]. For example, exposure
bias can trigger a rich-get-richer dynamic, giving some items disproportionately more visibility. These
effects may be further exacerbated during training due to the model’s inductive bias, which favors
signals from frequently interacted items. The result is popularity bias, where a subset of items receives
disproportionately more exposure.

There is a large body of literature studying popularity bias in recommender systems. Celma et al.
provided their analysis in the music domain and concluded that collaborative filtering is highly prone to
popularity bias [22]. Abdollahpouri et al. approached the problem from a user-centric lens [2]. They
categorized users into groups based on their personal interest in popular vs. niche items [2]. The
results showed that most algorithms favored recommending popular items, even for users who had
shown strong interest in non-popular movies. Abdollahpouri et al. argue this is a fairness problem,
since the system is not treating users’ preferences equitably. Lesota et al. focused on measuring
popularity bias more comprehensively and investigating its impact on different user demographics [78].
Importantly, they observed that algorithms that were popularity skewed in their recommendations did
not necessarily perform worse on accuracy. This challenges a common assumption that accuracy
always demands recommending mostly popular items.

Popularity bias has also been extensively studied in terms of embedding space. Chen et al. provide
theoretical and empirical proof that popular items’ embedding norms grow faster than tail items during
training, which amplifies popularity bias [23]. Kim et al. confirm this in a study where they show that
item embedding magnitude correlates strongly with item popularity [68]. Zhang et al. found that user
and item embeddings cluster in a few regions and user clusters align with popular-item clusters [125].

Popularity bias has several potential negative implications. As discovered by Abdollahpouri et al., pop-
ularity bias can diminish the experience of niche-loving users [2]. In practice, mitigating popularity bias
can result in a healthier user experience and keep users around longer, as discovered by Hansen et
al. [49]. They found that users who consumed a more diverse set of artists and genres had better
long-term outcomes for the platform - more engagement, higher retention.

Other than users, popularity bias has huge implications for providers too. It may result in small sellers
getting entirely eclipsed by incumbents [34], leading to unequal opportunity. Notably, through the agent-
based simulation, Zhang et al. found that algorithms that greedily recommend popular items maximize
short-term clicks or satisfaction, but they can reduce consumer welfare and platform utility in the long
run, a phenomenon they termed “performance paradox” [121]. The simulation showed that balancing
recommendations led to a more sustainable outcome: users continued to find relevant content, and
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producers had more reasons to offer diverse items. This work shows that popularity bias isn’t just a
fairness issue, but it poses a risk to the long-term health of the recommender ecosystem [121].

3.2. Mitigation techniques
There is a huge body of literature on the topic of mitigating popularity bias. Popularity bias mitigation
strategies can be split into three categories: “pre-processing”, “in-processing”, and “post-processing”
techniques [71]. “Pre-processing” techniques involve filtering the dataset before feeding it into the
network to remove any underlying biases in the data. In in-processing approaches, the training proced-
ure is responsible for bias removal, commonly through regularization techniques. In post-processing
approaches, the model output that is optimized for accuracy is modified to remove bias, through, for
instance, re-ranking techniques to improve the ranking of less popular items.

Pre-processing techniques are relatively uncommon and are often paired with in-processing approaches
[71]. Common pre-processing techniques involve data sampling, item filtering, or tailored methods for
generating positive-negative sample pairs for training. Seki et al. pre-process the dataset to create a
more balanced dataset, for a variety of purposes, including addressing popularity bias [104]. Rather
than removing data, another pre-processing approach is to extend the data with additional informa-
tion beyond interaction data. This could involve integrating implicit and explicit feedback [60], utilizing
user-related data from outside sources like social networks [80], or adding particular item metadata for
multi-modality [20]. Park et al. propose another approach, where the long-tail items are supplemented
with additional data [98]. They achieve this by clustering tail items for recommendation while handling
head items individually based on their ratings.

In-processing techniques are most common in the literature for mitigating popularity bias [71]. The
regularization-based approach is highly popular, where the additional term is added to the loss func-
tion with the role of penalizing when popular items are recommended. Abdollahpouri et al. [1] pro-
pose adding a term to the optimization function for penalizing the recommendation of popular items in
learning-to-rank approaches. Boratto et al. [14] and Zhu et al. [133] introduced correlation-based regu-
larization methods that penalize high relevance scores when they are mainly driven by item popularity.
Wang et al. apply a constraint-based method, using predefined rules to maintain similar coverage for
items with shared characteristics in recommendations [115]. For graph-based recommender systems,
Graph-based Similarity Adjustment is typically used, which redefines the item or user similarity [71].
Chen et al., for instance, suggest using an alternative to cosine similarity, which is typically used as
a similarity measure in graph-based collaborative filtering algorithms [23]. Another common way to
address popularity bias is by using natural language processing techniques on user reviews or item
metadata. Li et al. utilize an autoencoder with text reviews to refine user and item representations, aim-
ing to improve recommendation quality for all user groups, regardless of their mainstreamness [80].

The main forms of post-processing in the literature are re-scaling (score adjustment), re-ranking (re-
ordering), and rank aggregation [71]. Re-scaling, also known as score adjustment, modifies relevance
scores in a recommendation list to counteract popularity bias by boosting some items while lowering
others. Zhu et al. use this method by adding a compensation term to the scores to balance item
popularity while maintaining relevance in recommendations [133]. The re-ranking approach aims to
re-rank the items to optimize a certain pre-defined metric. For instance, the approach by Abdollahpouri
et al. attempts to balance between relevancy and popularity with a parameter with the role of prioritiz-
ing either of the two [3]. The rank aggregation technique works by combining popularity-driven ranking
with alternative ranking to balance various ranking signals. For instance, Dong et al. propose merging
an existing ranking with its inverse using the Two-Way Rank aggregation method [35].

3.3. Interpretable recommender systems
Interpretability in recommender systems seeks to expose the reasoning behind a model’s predictions,
enabling better trust, transparency, and actionable debugging [127, 82]. Approaches broadly fall into
post-hoc methods, which explain an existing black-box model’s outputs without altering its architec-
ture [124, 61], and intrinsically interpretable models, whose structure is designed to be directly under-
standable [111, 25].

Post-hoc interpretability methods treat a recommender model as a black-box and generate explana-
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tions without changing its internal structure. These methods are usually model-agnostic, since they
provide interpretability based solely on model inputs and outputs rather than its internal parameters.
Model-agnostic strategies often rely on surrogate models that approximate the behavior of a complex
recommender in a more interpretable form. A prominent example is LIME-RS, proposed by Nóbrega
and Marinho, which perturbs a user’s input features and fits a simple regression model locally around
the recommendation of interest, revealing which factors most strongly influenced the output in that
neighborhood [94]. In contrast, global surrogates attempt to capture the overall decision logic of the
recommender by training an interpretable model, such as a shallow decision tree or linear classifier, on
the predictions of the deep system [77].

Other post-hoc strategies include feature attribution and counterfactual reasoning. Feature attribution
methods assign importance scores to inputs or latent features based on gradients or perturbations
[132, 15]. They show why a recommendation was made by identifying which past interactions or item
properties most influenced the model’s output. Counterfactual methods, in contrast, focus on how the
outcome could change by identifying the smallest modifications, such as adding a specific interaction
or adjusting an attribute that would change the recommendation [106, 44]. These methods can be
applied post-hoc to deep learning recommenders, though their explanations may be approximate and
require careful design to remain meaningful.

Intrinsically interpretable deep models incorporate the explanation mechanism directly into their archi-
tecture, so that each prediction is generated alongside human-understandable reasoning. A common
approach is to integrate attention mechanisms or latent factors that automatically reveal important in-
put features, making the model’s decision process more transparent [111, 8]. For instance, Barkan
et al. [8] propose Attentive Multi-Persona Collaborative Filtering (AMPCF), a model that represents
each user through several personas that reflect different aspects of their preference. By adjusting the
weight of these personas, the model creates flexible user representations and generates recommend-
ations that can be explained by pointing to the most influential persona. In a related direction, Chen
et al. explore visual explanations by combining product images with reviews and regional features.
Their attention mechanism reveals specific image regions that match user preferences, making it clear
which visual aspects influenced the recommendation [26]. Likewise, deep models that leverage text
(reviews, descriptions) often use hierarchical attention to identify words or sentences that justify the
recommendation, highlighting key snippets of text as explanations [36, 114].

Knowledge-driven interpretability approaches further improve intrinsic transparency by leveraging side
information. For instance, Path-based deep recommender models incorporate knowledge graphs or
network schemas to output reasoning paths as explanations: they identify sequences of connected
entities associating a user with the recommended item (e.g., User → Genre → Director → Item), which
serve as intuitive justifications for the recommendation [41, 58]. Other models tie recommendations
to explicit user and item attributes by learning latent representations aligned with properties like genre,
brand, or topic preferences [57, 85, 129]. Using techniques such as LSTMencoders, these systems can
output explanations like “recommended because you enjoy [aspect]” grounded in the model’s learned
attention to those attributes [85].

Prior work treats popularity bias mitigation and interpretability largely as separate threads. Most mitig-
ation methods optimize accuracy-fairness trade-offs, but do not expose the internal mechanisms that
strengthen bias. Conversely, many interpretable recommenders explain outputs with rationales from
the input side (e.g., features, items, or paths) rather than identifying and modifying the model’s internal
components. To the best of our knowledge, there is limited work that (i) ties explanations to concrete
model components (e.g., neurons) in deep-learning-based recommender systems and (ii) uses those
components for post-hoc control of popularity bias. This thesis addresses that gap by analyzing neuron-
level structure with a sparse autoencoder and steering a trained model’s behavior through modifying
identified neurons, resulting in interpretable and controllable reductions in popularity bias.
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4
Background

In this chapter, we explore the problem of polysemanticity in depth, exploring its root causes and po-
tential mitigation strategies, with a particular focus on Sparse Autoencoders. We then explain the inner
workings of Sparse Autoencoders and review existing research that leverages them for interpretability.

4.1. Achieving monosemanticity
Mechanistic interpretability aims to comprehend neural networks by dissecting them into simpler, more
interpretable components [16]. By understanding the small individual components, we are hopefully
able to reason about the behavior of the entire network. Unfortunately, the smallest dissectible part
of the neural network, the neuron itself, is usually uninterpretable for humans. That is due to the
phenomenon called “polysemanticity” - rather than encoding an individual interpretable concept, each
neuron usually responds to unrelated inputs. For instance, a single neuron may fire for faces of cats
and fronts of cars [96]. The major cause of polysemanticity is superposition [6, 45, 97, 39]. Since
there are usually more concepts than neurons, the model assigns each concept a linear combination
of neurons, leading to a highly entangled neuron space. Fig. 4.1 illustrates this concept.

Figure 4.1: The illustration of the concept of superposition [16]

Elhage et al. have attempted several strategies to make the neurons less polysemantic [39]. One is to
engineer models to simply not have superposition in the first place. However, they found that even when
superposition is removed (there are fewer features than neurons), the neurons may still not become
cleanly interpretable. This occurs because, in many cases, models can reduce loss more effectively
by encoding multiple features ambiguously within a polysemantic neuron rather than isolating a single
feature and disregarding the rest.

To illustrate the idea, consider a simple example [16] - Assume we have a simplified model with a
single neuron trained on a dataset containing four mutually exclusive features (A, B, C, D). Each feature
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corresponds to a unique and correct prediction for the next token. The neuron’s activation is binary:
it either fires or does not. When it does fire, it produces an output vector representing the probability
distribution over the possible next tokens.

The cross-entropy loss can be analyzed in the following cases:

1. If the neuron fires only in response to feature A, it correctly predicts token A in that case. For
inputs corresponding to features B, C, or D, the neuron does not fire, and the model outputs a
uniform distribution over these three tokens. The resulting cross-entropy loss is

1
2 ln 3 ≈ 0.8.

2. Alternatively, imagine the neuron fires for both features A and B. In this case, the model outputs
a uniform distribution over tokens A and B whenever one of these features is present. For the
remaining cases (features C and D), the model outputs a uniform distribution over C and D. The
resulting cross-entropy loss is

ln 2 ≈ 0.7.

Because the loss in case (2) is lower than in case (1), the model performs better when the neuron
responds to multiple features. This results in the neuron becoming polysemantic, even though no
true superposition exists. These findings suggest that when trained with cross-entropy loss, models
generally prefer encoding many features polysemantically [16]. They do so rather than keeping a
smaller set of neurons monosemantic. Notably, this is true even in situations where sparsity rules out
genuine superposition.

4.1.1. Features as a decomposition
The difficulty of interpreting neurons directly has motivated researchers to focus on directions in activ-
ation space instead. Empirical evidence suggests that many such directions are meaningful [91, 79].
For instance, Mikolov et al. demonstrated linear “vector arithmetic” structure in word embeddings [91],
and similar results have been observed across other latent spaces [101]. Interpretable units have also
been studied extensively in RNNs [66], CNNs [21], and GANs [9], although important caveats remain.
More recent work [92, 17] develops this perspective further.

One of the most well-known demonstrations of such linear structure in word embeddings is the analogy
between the words man, king, woman, and queen [91]. The relation between man and king is approx-
imately the same as that between woman and queen. To put it in other words, the vector difference
wking −wman encodes a “royalty” direction, which can be added to wwoman to recover wqueen. This ana-
logy is an example of how interpretable concepts can emerge as linear directions in activation space,
rather than being tied to individual neurons.

If linear directions can be meaningfully interpreted, it is natural to think of them as forming a basic set of
features, from which more complex behaviors are composed. In some cases, individual neurons align
with these features. More commonly, however, the relevant directions cut across neurons. Thus, rather
than treating neurons as the fundamental units, we can view activations as sparse linear combinations
of such features [16].

Formally, let xj ∈ Rd denote the activation vector of a given datapoint. We can approximate it as

xj ≈ b+
∑
i

fi(xj)di, (4.1)

where fi(xj) is the activation of feature i, di is the corresponding direction in activation space, and b is
a bias term [16].

A Sparse Autoencoder is a powerful tool for learning the sparse basis that Eq. 4.1 describes, which will
be discussed in detail in section 4.2 [93].
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4.1.2. What makes a good decomposition?
For such a feature-based decomposition to be useful in practice, it must satisfy a few conditions [16].
First, a feature should be interpretable: we should be able to describe the set of datapoints j where
fi(xj) is large in a way that generalizes across diverse data. Second, the downstream effects of ac-
tivating and deactivating the feature should be consistent with its input-side interpretation. Third, the
decomposition should explain a significant share of the layer’s behavior, which, for instance, can be
measured by reconstruction quality.

When these criteria are met, feature decompositions result in several capabilities [16]:

• attributing the contribution of individual features to a layer’s output,

• monitoring for the activation of particular features (e.g., safety-relevant ones),

• intervening on activations to predictably alter downstream behavior,

• validating that the model has learned and is using certain properties of the data

• designing inputs to elicit specific features.

In short, feature decomposition provides a backbone for mechanistic interpretability: it transforms un-
interpretable neuron activations into a more structured basis.

4.2. Sparse Autoencoders
Bricken et al. argue the importance of 2 characteristics for a good decomposition: overcompleteness
and sparsity [16]. This is essentially sparse dictionary learning, which is a technique that learns a
collection of basis vectors and represents each input as a sparse combination of them [73]. The im-
portance of overcompleteness stems from the superposition issue discussed in Section 4.1. We want
to provide the model with more axes to represent the input for it to be able to effectively separate the
subspace into features. On its own, overcompleteness makes the problem unsolvable: we are trying
to recover a high-dimensional feature vector from a lower-dimensional input. Since the number of vari-
ables exceeds the number of observations, the system has infinitely many solutions. This makes the
sparsity constraint essential. If we impose a sparsity constraint on the high-dimensional vector, only a
small percentage of neurons are nonzero for any given input. This turns the problem from “impossible”
into “tractable,” since the sparse solution is often unique and recoverable. This is equivalent to the
well-known problem of compressed sensing, which is NP-hard [37]. Compressed sensing is a tech-
nique that allows signals to be captured and reconstructed efficiently, even when the system of linear
equations is underdetermined, through utilizing the “sparsity” property of signals [37].

Figure 4.2: Sketch of Sparse Autoencoder

One potential solution is the Sparse Autoencoder [93], which we will explore in this thesis. Sparse
Autoencoders are a specific type of autoencoder with the sparsity constraint imposed. Autoencoders
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are a class of neural networks designed to learn compressed representations of data [7, 56]. These
models consist of an encoder that maps the input into a lower or higher dimensional latent space, and a
decoder that reconstructs the input from this latent representation. By training the network to minimize
the reconstruction error, the autoencoder learns latent features that capture the most salient features
of the input, often revealing underlying structure in the data. While classical autoencoders can reveal
structure in the input data, their hidden units often exhibit dense, overlapping activations, making the
learned features difficult to interpret and sometimes redundant [74]. Variants of the basic autoencoder
introduce constraints or regularization to shape the latent space in desirable ways, such as denoising
autoencoders for robustness or variational autoencoders for probabilistic modeling.

Fig. 4.2 provides a sketch of the Sparse Autoencoder. The Sparse Autoencoder transforms the input
vector into the intermediate representation, which can be a higher, lower, or equal-dimensional vector.
The intermediate representation is then converted back into the input dimension. Both transformations
are done through neural networks, and the reconstruction loss ensures that the output vector is as
close to the input vector as possible.

In a Sparse Autoencoder, the decomposition of input vector x ∈ Rd can be written as:

x̂ = bdec +

N∑
i=1

fi(x)W
dec
,i

where Wdec ∈ Rd×N are the learned decoder weights of the SAE, bdec ∈ Rd are the learned biases,
and fi(x) denotes the activity of feature i. Feature activations are given by the output of the encoder.
Note that this equation is equivalent to the equation 4.1 (with only notations renamed), which provides
the general formulation for the decomposition of inputs into features. In a Sparse Autoencoder, the aim
is to have neurons as features (note that here, we refer to the neurons in the hidden dimension of the
SAE). Hence, fi(x) corresponds to the activation value of neuron i in the hidden layer of the SAE.

Concretely, the feature activations are the output of the encoder.

fi(x) = ReLU
(
We(x− bd) + be

)
i
,

whereWe is the weight matrix of the encoder and bd,be are the pre-encoder bias and the encoder bias.
The feature directions are the columns of the decoder weight matrix Wd.

The overcompleteness constraint can be achieved by setting N to be significantly larger than the input
dimension d. For instance, Bricken et al. experimented with the scale size s ranging from 8 to 256,
where s is defined by N/d. A popular way of enforcing the sparsity constraint is through a loss function.
This can be achieved through adding an L1 loss term to the optimization function:

L = Ex

[
∥x− x̂∥22 + λ

∑
i

fi(x)

]

The first term is the reconstruction loss, and the second term is the L1 penalty term on feature activa-
tions. The model is encouraged to set most of the feature activations to 0 for a given input to minimize
loss. λ is a hyperparameter controlling the tradeoff between sparsity and reconstruction accuracy. As
we will see in the following sections, there are multiple variations of Sparse Autoencoders, offering
different strategies for achieving sparsity.

Intuition. Overcompleteness gives the model a large menu of candidate “feature directions”. Sparsity
ensures that, for any particular input, it selects only a few of them. You can think of each column of
Wd as a knob that adds a specific pattern to the reconstruction. Without sparsity, the model could turn
many knobs a little and hide information in diffuse, overlapping ways. With sparsity, it must explain the
input using just a handful of knobs, which pushes the learned directions to become sharp, distinct, and
semantically meaningful.
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The combination of overcompleteness and sparsity naturally drives neurons to become more disen-
tangled. Because only a few units are allowed to be active for any given input, each neuron is pres-
sured to capture a distinct, non-overlapping aspect of the data. If two neurons redundantly represent
the same feature, the sparsity penalty will suppress one of them. Overcompleteness ensures there are
enough candidate neurons to assign one to each meaningful direction, while sparsity prevents them
from firing simultaneously in tangled combinations. As a result, neurons become easier to interpret
and modify individually, since adjusting the activity of a single unit cleanly changes one feature without
inadvertently affecting many others.

Reconstruction quality-sparsity tradeoff. The additional sparsity constraint inevitably causes a decrease
in reconstruction accuracy. Therefore, there is a tradeoff between extracting interpretable features and
sacrificing accuracy. The key is to find the right balance, where the acceptable level of interpretability
is achieved without a significant drop in model performance.

Advantages of Sparse Autoencoders. Bricken et al. list a few advantages of sparse autoencoders over
other existing dictionary learning methods [16]. First, this approach is scalable to very large datasets.
Second, other methods are typically “too strong” in the sense that they aim to recover features from the
activations that the underlying model itself does not have access to. Compressed sensing on its own
is NP-hard, neural networks only aim to provide an approximation of the solution.

4.3. Prior work on Sparse Autoencoders
Sparse autoencoders have been traditionally used as a feature learning and dimensionality reduction
technique [100, 32, 99, 105]. Recently, they have been tested on LLMs with promising results. Bricken
et al. found a number of interpretable neurons on a small-scale transformer-based language model.
For instance, neurons were found that become highly active on Arabic, Hebrew, base64, or DNA scripts.
The idea was scaled to high-dimensional LLMs (Claude 3 Sonnet and GPT-4) with success [43, 107].
In Claude Sonnet 3, more high-level features were extracted, such as “Golden Gate Bridge”, “Brain
sciences”, “Monuments and popular tourist attractions” [107].

Since then, there have been many works attempting to extract high-level features from LLMs [95, 75,
31, 59]. O’Neill et al. extract features from the Sparse Autoencoder trained on the abstracts of 420, 000
papers and introduce a novel approach for identifying “feature families” that represent related concepts
[95]. Lan et al. find significant similarities in SAE feature spaces across various LLMs, showing that
Sparse Autoencoders reveal universal feature spaces across different models. Demircan et al. find
that Llama 3 70B performs in-context reinforcement learning, internally representing TD errors and
Q-values, which can be identified and modified using sparse autoencoders (SAEs) [31]. Inaba et al.
compare the learned features across multiple checkpoints, and find that the model learns increasingly
complex and abstract features [59].

The ability of Sparse Autoencoders to isolate features makes them a great tool for detecting and elimin-
ating unwanted features like “toxicity”. Harle et al. encourage a single neuron to align with the “toxicity”
concept in the training of the Sparse Autoencoder and later manipulate the neuron to adjust the toxicity
level [50]. Kang et al. control the retrieval behaviour of LLMs via manipulating the latent sparse fea-
tures, for example, prioritizing documents from specific perspectives in the retrieval results [63]. Zhao
et al. propose SPARE, a training-free sparse autoencoder–based representation engineering method
that steers large language models to resolve context-memory conflicts at inference time [131]. Hegde
et al. attempted to detect components in the Sparse Autoencoder responsible for gender bias and
suppressed their activation for bias mitigation [55].

Sparse autoencoders have also been applied beyond LLMs for steering and interpretability, in a variety
of non-LLM domains. Kim et al. used Sparse Autoencoders on Diffusion models to steer the generation
away or toward a given concept like “nudity” [67]. King et al. apply Sparse Autoencoders on geophysical
models, extracting several interpretable features [69]. Adams et al. generate hypotheses for biological
mechanisms using Sparse Autoencoder features [4].

Since there has been a rising interest in the use of Sparse Autoencoders for interpretation, multiple
versions of the sparsity mechanism have been proposed [102, 103, 18, 19, 43]. Rajamanoharan et al.
proposed two different SAE variants, Gated SAEs [102], and JumpReLU SAEs [103], each achieving
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a Pareto improvement in the sparsity–fidelity trade-off (i.e., higher reconstruction fidelity at a given
sparsity). Bussmann et al. introduced BatchTopK SAEs [18], a variant of TopK SAEs [43] in which the
top-k activation constraint is enforced across each batch rather than on individual tokens to give the
model more flexibility. Recently, Matryoshka SAEs have been proposed by Bussmann et al., which
allow retaining interpretable features at different levels of abstraction through multi-layered SAE [19].

There has been some prior work on utilizing Sparse Autoencoders in Recommender Systems [62, 5,
81, 110]. However, most of them use the Sparse Autoencoder for denoising or handling sparse data
for improving recommendation accuracy, with minimal focus on interpretability. Wang et al. used a
Sparse Autoencoder for interpreting the internal states of a sequential recommender system. However,
their findings suggest that their interpretation is only slightly better than random guessing [110]. We
attribute this to two factors. First, their model received only IDs as input, without any descriptive features.
Sparse Autoencoders are effective for interpreting text data because text is inherently human-readable,
making it easier to analyze the learned representations and their underlying structures. Determining
the features extracted from IDs, on the other hand, is more challenging. Second, sparsity was only
slightly enforced, perhaps to avoid a significant accuracy drop.

Klenitskiy et al. apply Sparse Autoencoders to sequential recommender models, showcasing their
potential for both interpretation and control [70]. By training SAEs on transformer-based recommenders,
they extract semantically meaningful features such as genres, languages, and even specific franchises.
Importantly, they show that steering these neurons leads to predictable changes in recommendation
outcomes, enabling fine-grained control. This work is largely exploratory, but it provides evidence of
SAEs as a promising tool for making recommender systems more transparent and controllable.

Despite these advances, the application of SAEs within recommender systems remains largely under-
explored. To the best of our knowledge, no prior research has investigated their use specifically for
mitigating popularity bias.
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5
Methodology

This chapter describes the proposed solution for using a Sparse Autoencoder for the mitigation of
popularity bias.

5.1. PopSteer overview
In this section, we provide a high-level explanation of PopSteer, our method for interpreting and mitigat-
ing popularity bias in recommender systems. PopSteer is a post-processing approach, meaning it can
be applied on top of any pretrained recommender model without altering its architecture.

PopSteer is a pipeline for interpreting and mitigating popularity bias. We first train a base recommender,
then attach a Sparse Autoencoder (SAE) to the final layer and train the SAE to reconstruct that layer’s
activations (Section 5.2). The trained SAE provides a neuron-level interface for analysis and control.
In the analysis stage (Section 5.3), we probe the SAE with synthetic profiles that reflect extreme prefer-
ences for popular vs. unpopular items to identify neurons encoding popularity signals. In the mitigation
stage (Section 5.4), we steer those neurons by adjusting their activations, yielding updated user em-
beddings used for ranking. See Figure 5.1 for an overview and Sections 5.2-5.4 for details.

5.2. Sparse Autoencoder setup and training
In Section 4.2, we provided a high-level overview of the Sparse Autoencoder. In this section, we
present its mathematical formulation and offer a detailed explanation of its training details, such as key
hyperparameters and the associated loss function.

SAE attachment. After the recommender model is trained, the SAE is attached to the last layer of the
recommender model for reconstruction to extract meaningful features. In our experiments, we chose
the final layer of the base recommender system for attaching the SAE. This choice is natural because,
in collaborative filtering models, the final embedding is the representation directly used to compute
recommendation scores (typically via dot products with item embeddings) [72]. Therefore, features
discovered or edited here have an immediate and predictable effect on rankings. Learning a feature
set at this layer means we model the signals that actually matter for decisions. In contrast, earlier-layer
edits have to survive unknown downstream transformations, so they have fewer guarantees in terms
of effect on final rankings.

However, it is also possible that earlier layers encode popularity information more directly. By “more
directly”, we mean that the signal may be easier to detect with simple, low-complexity functions (for
instance, linear classifiers), rather than requiring deep nonlinear transformations. In practice, interme-
diate representations can sometimes make popularity bias more transparent than the final embedding,
since in the final embedding, multiple features for predictions are entangled. Generally, the earlier the
layer, the less complex transformations the embedding has gone through, increasing signal “extractab-
ility”.

That said, SAEs are good feature extractors - they have been found to extract reliable features from the
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Figure 5.1: Overview of PopSteer process, first running with synthetic data for interpreting SAE’s neuron
(a → b → c → d), and second run with real-world dataset for steering SAE’s neurons to mitigate bias and derive
modified user’s embedding (e → b → c → d → f → g): (a) synthetic interaction data containing users’ profiles

extremely representing interest towards either popular or unpopular items, (b) pretrained SASRec trained on real (not
synthetic) data, (c) users’ and items’ embeddings learned from pretrained SASRec, (d) SAE used for interpreting
popularity bias according to activation behavior of neurons in hidden dimension, (e) users’ profiles in real data, (f)
updated user embedding after steering SAE’s neurons, and (g) predicting the relevance score for a target user-item

pair using the updated user embedding.

embeddings of highly complex, large-scale LLMs [95]. The recommender systems we are testing are
much smaller in scale and complexity compared to LLMs. Furthermore, we need a predictable down-
stream effect, since we are not only interpreting, but also intervening on the embedding. Therefore, for
us, the benefits of choosing the last layer outweigh the downsides. With that being said, comparing the
effectiveness of attaching SAEs on different layers of the model for popularity bias mitigation is an in-
teresting future work direction. For instance, Zhao et al. have conducted a similar study - they perform
linear probing across all layers of the base model to identify the layer that most strongly encodes the
desired signal for attaching the SAE [131].

Mathematical formulation. Formally, let x ∈ Rd denote an embedding from the machine learning (ML)
model. The SAE, consisting of an input dimension of size d, a hidden dimension of size N , and an
output dimension of size d, reconstructs x as:

x̂ = Wdeca+ bpre (5.1)

a = TopAct(z) (5.2)

z = WT
enc(x− bpre) (5.3)

with learnable Wenc,Wdec ∈ Rd×N and bpre ∈ Rd. Here z ∈ RN are the hidden pre-activations, where
our neuron analysis and interventions occur. TopAct is the activation function inducing sparsity by
retaining K neurons with the highest activations and zeroing the rest1.

Importance of K and N hyperparameters. in Section 4.2, we discussed the importance of overcom-
pleteness and sparsity properties of Sparse Autoencoders. Essentially, K controls the sparsity, while
N controls the overcompleteness degree. ChoosingK ≪ N limits each input to at mostK active neur-
ons while giving the model a large over-complete pool of candidates from which to “select”. Usually,
K is chosen such that K ≪ N and K < d so the model must pick only a few useful features instead
of relying on many at the same time. If K is set too large, the autoencoder risks learning to simply
replicate the input rather than discovering interpretable features. As an analogy, consider the extreme
case where K = d. In this scenario, the model could approximate a direct one-to-one mapping from
input activations to hidden units, and then back to the output, bypassing any meaningful abstraction
(While this is a simplified picture and not an inevitable outcome, it highlights the importance of carefully
choosing K. Later, we will see how appropriate weight initialization helps mitigate such issues). If K

1This function is commonly referred to as TopK in the sparse autoencoder literature [43]. We denote it as TopAct here to avoid
confusion with the standard “top-k” terminology used for item recommendation in recommender systems.
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is too small, it cannot reconstruct the input well. In short, K sets how sparse the representation is, and
N sets how rich the ’feature library’ is. We pick both using validation.

Choice of Sparsity mechanism. As discussed in Section 4.3, multiple versions of SAE have been
proposed in the recent literature, each offering a different sparsity mechanism (e.g., Top-K sparsity or
L1 regularization). Since TopK SAEs, as proposed by Gao et al. [43], have been shown to outperform
multiple baselines and have become the de facto standard in SAE research, we also chose it for our
research.

Dead neuron prevention. One of the common issues in SAE training is the issue of dead neurons.
When we mention a dead neuron, we refer to the neurons in the hidden layer (of size N ) of the SAE. A
neuron is flagged as dead if it has not activated for a predetermined number of inputs (e.g., 10, 000, 000
samples), preventing it from receiving meaningful gradient updates. This happens because, in neural
networks, any pathway not involved in the loss computation does not receive gradient flow. The TopAct
function activates only a small subset of neurons for each input, while the remaining neurons have no
influence on the output. A neuron can be considered definitively dead if it fails to activate for an entire
epoch - Since no input triggers it, it receives no gradient updates and remains permanently inactive.
Having a lot of dead neurons is undesirable because it means that the hidden layer of the Sparse
Autoencoder is not fully utilized. Having a small number of alive neurons means that there are fewer
features to pick from, and most likely, neurons are more entangled. Hence, the model has less flexibility
in representing the input. Therefore, it is crucial to minimize the number of dead neurons.

One strategy for minimizing dead neurons is to pick a lowerK value for TopAct activation. As discussed
earlier, a lower K value imposes higher sparsity on the hidden layer. This in turn, forces the model to
rely on more features to be able to reconstruct the input.

Another strategy we adopted, following Gao et al. [43], is to initialize the encoder as the transpose of the
decoder (setWenc = W⊤

dec). This creates an initial symmetry between the two parts of the autoencoder:
the encoder and the decoder. By starting with this alignment, every neuron has a meaningful pathway
through the network from the start, which decreases the probability that some neurons remain inactive
and fail to learn during training.

An important ingredient for dead neuron prevention is to add an auxiliary loss term, which will be dis-
cussed in the next paragraph.

Optimization function. SAE is trained to minimize the following objective:

min
Wenc,Wdec,bpre

∥x− x̂∥22 + γ Laux (5.4)

where the term ∥x− x̂∥22 is the reconstruction loss, ensuring that the decoder output x̂ closely matches
the original embedding x. Laux is an auxiliary loss designed to prevent dead neurons and γ balances
the primary reconstruction loss with this auxiliary term. Laux forces a small set of inactive neurons to
attempt to reconstruct the residual error e = x− x̂. Concretely,

Laux = ∥e− ê∥22, (5.5)
ê = Wdecaaux, (5.6)

aaux = TopActaux
(
WT

enc(x− bpre)
)
. (5.7)

Here, TopActaux selects a fixed number of currently inactive neurons (those that have not fired for many
steps) and activates them based on their largest pre-activations. Note that TopActaux here is different
from TopAct in equation 5.3 - The function is the same, however, TopActaux operates on the “dead
neuron” set. By training these “dead” neurons on the leftover reconstruction error, the model gives
them a chance to learn useful features without interfering with the already active neurons [43]. This
mechanism keeps the dictionary of neurons diverse and reduces wasted capacity.

Specifically, a neuron is considered dead if it has not activated for the last J training samples. At every
interval of J samples, the model flags such neurons and adds them to a pool of dead neurons. For
each batch within the next J samples, TopActaux selects kaux neurons from this pool, choosing those
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with the largest pre-activations to help reconstruct the auxiliary error. This cycle repeats throughout
training, giving unused neurons periodic opportunities to specialize on residual errors and preventing
capacity from being wasted.

We set J equal to the number of samples in the training set, i.e., one epoch. Choosing J larger than
this would be unnecesary: as discussed above, a neuron that does not activate for an entire epoch
will not activate later without an external revival mechanism, since it receives no gradient updates. In
large-scale LLM training, where an epoch may contain billions of tokens, smaller values of J are often
preferable to avoid wasting capacity. In our case, however, each dataset contains fewer than 2 million
samples, and training runs for around 50–100 epochs before convergence. Hence, setting J to one
epoch allows us to be certain that the neuron is dead before trying to revive it. Following Gao et al. [43],
we set kaux = d/2 and γ = 1/32.

This objective ensures that the sparse hidden representationmaintains 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.

5.3. Interpreting popularity bias
This section provides an overview of the neuron analysis part of the pipeline to determine how much
each neuron encodes the popularity signal.

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. Hence, for the purpose of inter-
preting popularity bias in recommender systems, input data containing users’ profiles with interests
to popular and unpopular items is needed. To explore this, we generate synthetic user profiles that
highlight popularity bias and examine how specific neurons respond (as shown in the first phase of
Figure 5.1: steps a → b → c → d). It is worth noting that the synthetic profiles are not used for
training the recommender model and SAE, instead only for interpreting popularity bias. The motivation
for creating synthetic users’ profiles is that it enables providing input with a strong representation of
popularity-aligned and unpopularity-aligned preferences for the purpose of interpretation. This enables
the identification of neurons that either reinforce or counteract popularity signals.

Each synthetic profile is passed through the pretrained recommendation model to obtain the user em-
bedding (i.e., x in Section 5.2), 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.

5.3.1. 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.

Let U = {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 [3, 126], 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
comprising roughly 10% of total number of items. 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 construct RPop, we generate n′ synthetic users’ profiles, each of length M . For each synthetic user,
we randomly sample M items (with replacement) from IPop (see Section 6.5 for detailed experimental
setup). The construction of RUnpop is identical, except that items are drawn from the tail set IUnpop. By
restricting each synthetic profile to either exclusively head items IPop or exclusively tail items IUnpop,
we create two synthetic sets that lie at the extremes of the popularity spectrum.

The reason for this design is that it cleanly isolates the influence of item popularity on model behavior
while suppressing confounding factors such as sequence diversity, recency effects, and mixed user
interests. By randomly selecting popular or unpopular items, we are creating a set in which the main
common trait items share is the popularity level.
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Initially, we tried a slightly different approach. For each user from the real training set, we replaced all of
their real interactions with the randomly selected popular or unpopular items. This approach preserves
the number of interactions per user without altering profile length or interaction density. The idea was
to keep the users realistic in terms of profile length to avoid introducing additional noise.

Empirically, this user-length–preserving variant underperformed the fixed-length construction that sets
every synthetic profile to the model’s window sizeM . Many datasets have short histories, so replacing
items in a small profile provides too few head/tail examples for the model to express a clear popularity
signal. In contrast, fixing length toM saturates the window with consistent-popularity items, increasing
statistical power and stabilizing neuron responses. For example, a sequence of 50 blockbuster titles
yields a far stronger and more reliable “blockbuster-preference” signal than a sequence of only 5.

Importantly, these synthetic datasets are not used to train the SAE. Instead, we feed them into a pre-
trained SAE (trained on R), to evaluate its neurons’ activation, ensuring that its learned representations
remain grounded in real user behavior.

5.3.2. 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.

Normality assumption of activations. We make a key normality assumption about the activation pat-
terns of SAE neurons. This assumption is well-supported in the literature: prior work has shown that
as neural networks increase in size, neuron activation distributions tend to approximate a Gaussian
distribution [76, 116, 47]. The justification comes from the Central Limit Theorem (CLT): each neuron
computes a weighted sum of many inputs, and as the number of summands grows, CLT implies that this
sum converges toward a normal distribution. Empirical evidence further indicates that this approxima-
tion holds in large but finite networks [116]. Moreover, the normality assumption is not only theoretical -
it has been used in practice. For example, Haider et al. [47] leveraged it to interpret activation patterns
in large language models.

The normality assumption is particularly useful in our case, as it provides a principled way to quantify
the variance of each neuron’s activations via the standard deviation. As we will discuss in Section 5.4,
this measure plays an important role in determining the extent to which we steer individual neurons.
Besides, normality allows us to compute Cohen’s d for each neuron - an established statistical effect
size measure that relies on normally distributed activations [27].

Cohen’s d value calculation. Cohen’s d is well-suited to our setting for several reasons. First, it is
designed for direct two-sample comparisons, which makes it an obvious choice for contrasting popular
versus unpopular synthetic set activations. Second, by normalizing the mean difference between the
two groups by their pooled standard deviation, Cohen’s d allows the comparability of neurons with
different activation scales. This standardization allows us to detect neurons that exhibit strong biases
regardless of their activation range. Finally, both the sign and magnitude of Cohen’s d provide an
interpretable signal: positive values indicate stronger alignment with popular items, negative values
indicate alignment with unpopular items, and the absolute magnitude represents the strength of the
effect.

For each neuron j, Cohen’s d is calculated as:

dj =
µj,Pop − µj,Unpop√

σ2
j,Pop+σ2

j,Unpop
2

(5.8)

where µj,Pop and µj,Unpop are the mean pre-activations of neuron j under RPop and RUnpop, respectively,
and σj,Pop and σj,Unpop are the corresponding standard deviations. Cohen’s d provides a normalized
measure of the difference between two distributions. We denote Cohen’s d value of neuron j as dj .

A high absolute value of dj indicates that neuron j is strongly responsive to popularity-related patterns.
Positive values suggest alignment with popular content, while negative values imply a focus on unpop-
ular or niche items.
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Interpreting dj . SAEs provide sparse, more interpretable features, but they do not guarantee that a
single neuron will be a pure “popularity” detector. Our use of Cohen’s d ranks neurons by alignment
with popularity (positive dj) or unpopularity (negative dj) across synthetic user sets - it does not presume
a priori semantic labels. This procedure can surface both near-monosemantic “popularity” neurons and
correlated features (For instance, a neuron that activates for action films because such films tend to
be popular). We steer all neurons with large |dj | (See Section 5.4), and we achieve interpretability
operationally: modifying these neurons yields predictable fairness shifts and structured movements in
the embedding space (as shown later in Section 7.2). Thus, our selection and steering approach is
compatible with the potential distributed encoding of the popularity.

5.4. 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 pro-
mote fairer item exposure (refer to the second phase in Fig. 5.1: steps e→b→c→d→f→g for the steering
process on real data.)

Neuron steering operates on the SAE’s hidden pre-activations, increasing or decreasing the activity of
neurons aligned with popularity. Importantly, we apply steering before the TopAct activation function.
This allows the added steering vector to change the active set of the hidden representation: neurons
that were just below the TopAct threshold for selection can become active, and over-dominant popularity
neurons can be pushed below it. This enables feature selection (which neurons are chosen), not
merely feature reweighting. By contrast, applying a steering vector after TopAct would only adjust the
magnitudes of already-selected neurons.

The adjustment to each neuron is guided by its dj score, which reflects its alignment with popular or
unpopular items. We modify the original pre-activation zj of neuron j to obtain a new pre-activation z′j :

z′j =

{
zj − wj · σj , if dj > β

zj + wj · σj , if dj < −β
(5.9)

where σj is the standard deviation of activations for neuron j. Note that σj,Pop and σj,Unpop on Equation
5.8 are based on the synthetic sets, while σj is computed on the validation set containing real interac-
tions. The parameter β serves as a threshold on |dj |, ensuring that only neurons with sufficiently strong
popularity bias signals are steered (β = 0 corresponds to steering all neurons). In statistical terms,
|d| ≥ 1 is often considered evidence of a meaningful difference between two distributions, though more
or less stringent thresholds may be applied depending on the application. wj is a weight assigned to
each neuron j based on the normalized absolute value of its dj . This weight determines how much
each neuron’s pre-activation will be adjusted:

wj =


αPop · |dj |

max
1≤i≤N

(|di|) if dj > β

αUnpop · |dj |
max

1≤i≤N
(|di|) if dj < −β

(5.10)

where αPop and αUnpop are tunable hyperparameters that independently control the strength of the
steering for popularity-aligned and unpopularity-aligned neurons, respectively. We use different steer-
ing strengths for popularity-aligned and unpopularity-aligned neurons because we found that these two
groups respond differently to the same steering magnitude, as further discussed in Section 7.4.

In this formulation, wj grows proportionally with |dj |, so neurons with stronger evidence of popularity
alignment receive larger adjustments while weakly aligned neurons are minimally perturbed. Normal-
izing by maxi |di| makes αPop and αUnpop directly interpretable as the maximum steering magnitude (in
units of σj) for their respective groups: the most popularity-aligned neuron is shifted by at most αPopσj ,
and the most long-tail-aligned neuron by at most αUnpopσj . This proportional weighting also reduces
sensitivity to the choice of β: even with a permissive threshold, neurons with small |dj | receive near-
zero wj and thus negligible updates, while highly biased neurons are steered smoothly in proportion to
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Box 5.1: PopSteer pipeline summary

PopSteer pipeline summary.

1. Train and freeze the base recommender. We first train the backbone recommender
system (e.g., SASRec or LightGCN) in the standard way. After convergence, the backbone
parameters are frozen.

2. Attach and train the Sparse Autoencoder. We attach a Sparse Autoencoder (SAE) to the
final hidden representation of the frozen backbone. The SAE is trained to produce a sparse,
approximately disentangled feature space using a Top-K sparsity objective, together with
an auxiliary “revival” objective that reactivates dead neurons (controlled by J , kaux, and γ).
After this stage, SAE neurons become more monosemantic.

3. Construct extreme synthetic preference profiles. We generate two synthetic user
groups: one that strongly prefers highly popular items and one that strongly prefers un-
popular items. These represent “popularity preference” extremes.

4. Score neurons by popularity preference. We pass both synthetic sets through the
SAE and measure, for each neuron, how differently it activates for popularity-preferring
vs. unpopularity-preferring profiles. We quantify this separation using Cohen’s d value,
yielding neurons that are “popular-leaning” and neurons that are “unpopular-leaning”.

5. Steer activations at inference time. At inference, we modify the SAE activations before
scoring items. We upweight or downweight the neurons’ activations using steering coeffi-
cients αPop, αUnpop, optionally applying a threshold β over neurons. This shifts the recom-
mender’s exposure away from over-represented popular items and toward under-exposed
long-tail content, without retraining the backbone.

their estimated effect size. In practice, this yields fine-grained, interpretable control - strong corrections
where warranted and small updates elsewhere.

After steering the hidden layer pre-activations and applying TopAct function, the updated SAE then
returns the modified user embedding x̂:

a′ = TopAct(z′) (5.11)

x̂′ = Wdeca
′ + bpre (5.12)

x̂′ is used alongside item embeddings from the base recommendation model to generate the final
recommendation list. Box 5.1 provides the summary of the PopSteer pipeline.

Existing SAE steering methods typically employ simplistic mechanisms like uniform scaling factors,
clamping to fixed values, or unweighted additive vectors to direct features toward desired behaviors,
such as mitigating biases or controlling retrieval outcomes [38, 55, 63, 131]. Our method bases adjust-
ments on a statistical measure of each neuron’s sensitivity to popularity signals, drawn from synthetic
user profiles. This ensures that changes are both proportional to the strength of the detected bias (via
dj) and scaled according to the neuron’s own activation variance. This dual mechanism minimizes
the chances of over- or under-correction and allows for more precise, interpretable control over the
fairness-accuracy trade-off without changing the model’s core structure.

A derivation that links SAE steering to per-item score changes is provided in Appendix A. This result is
used only as an interpretive lens and is not part of the executed pipeline. Implementation and empirical
evaluation are left to future work.
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6
Experiments

This chapter outlines our experimental setup, including datasets, evaluation metrics, baselines, and
hyperparameters. Our implementation and code are available at
https://github.com/parepic/PopSteer2.0/tree/main.

6.1. Dataset
We conduct experiments on four public datasets from diverse domains: MovieLens 1M (ML-1M) [51],
a movie recommendation dataset, Steam [65], a game recommendation dataset, BeerAdvocate [89],
a beer review dataset, and Yelp [118], a restaurant recommendation dataset. Following standard pre-
processing [52, 65], we create a 5-core sample on ML-1M, Steam, and BeerAdvocate datasets, where
each user has at least 5 interactions and each item is interacted with by at least 5 users. For Yelp data-
set, we perform 20-core validation due to extreme sparsity. All datasets include timestamp information,
enabling their use in sequential recommendation task. Table 6.1 summarizes the statistical properties
of these datasets.

Note on dataset sparsity. Table 6.1 reports “Density”, meaning the share of user–item pairs for which
we observe an interaction. By contrast, sparsity is simply the opposite of density—it tells you howmuch
of the user–item matrix is empty (nodisct to be confused with the sparsity used for SAE activations).
Highly sparse datasets tend to have many users or items with only a handful of interactions, which
increases uncertainty and makes it harder for models to learn stable patterns. This also stresses the
SAE in PopSteer, since extremely sparse inputs are harder to accurately reconstruct. We will revisit
this in Section 8.2.

6.2. Base recommender model
6.2.1. SASRec model
PopSteer can be attached to any recommender model since it is a post-processing technique that only
takes a layer of themodel as input. Ourmain experiments are conducted on SASRec [65], a widely used
benchmark sequential recommender model. A sequential recommender model considers timestamp
of the interactions as well for making the prediction, and SASRec achieves this through a series of

Table 6.1: Statistics of the datasets.

Dataset #Users #Items #Interactions Density

ML-1M 6, 040 3, 417 999, 611 4.8%
Steam 25, 390 4, 090 328, 278 0.32%
BeerAdvocate 10, 464 13, 907 1, 395, 865 1%
Yelp 20, 799 16, 253 983, 530 0.29%
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transformer-based attention blocks. SASRec takes the user interaction history, where ids are sorted
chronologically based on recency, and outputs a score for each item.

We adopt a sequential backbone because it simplifies new-user creation: a synthetic profile is spe-
cified directly by an item sequence. By contrast, non-sequential models typically require fitting a new
user embedding before evaluation, which complicates controlled experiments with synthetic users. For
those methods, introducing a new user generally requires fitting or inferring an embedding vector be-
fore evaluation. By using a sequential model, we avoid this additional step. Table 6.2 contains the
hyperparameters used for training SASRec.

Table 6.2: SASRec Hyperparameters

Hyperparameter Value
Number of transformer layers 2
Number of attention heads 2
Hidden size 64
Feed-forward inner size 256
Hidden dropout probability 0.5
Attention dropout probability 0.5
Activation function gelu
Layer normalization ϵ 1× 10−12

Initializer standard deviation 0.02
Loss function Cross-Entropy

6.2.2. LightGCN model
To test the generalizability of PopSteer, we also conducted experiments using LightGCN [53], a graph-
based general recommender system. LightGCN attempts to find optimal embeddings for users and
items by focusing on neighborhood aggregation to capture collaborative filtering signals.

For LightGCN experiments, rather than constructing synthetic user sequences, we labeled existing
users based on their recent interaction histories. In this variant, biased neurons were identified using
real user interaction data rather than synthetic profiles. Following Section 5.3.1, we partition items into
a popular set IPop and an unpopular set IUnpop (head vs. tail). Assign labels y(i) = 1 for i ∈ IPop,
y(i) = −1 for i ∈ IUnpop, and y(i) = 0 otherwise. For a user u with interacted items Iu, define the
popularity score as the mean label:

s(u) =
1

|Iu|
∑
i∈Iu

y(i).

Higher s(u) indicates stronger head preference; lower values indicate stronger tail preference. Users
are ranked by their popularity scores s(u), with the top 10% forming the popular user set and the bottom
10% forming the unpopular user set.

It is important to mention that SASRec experiments are our main results. We conducted LightGCN
experiments to see how our pipeline performs on a different recommender model and also when using
real users for neuron analysis instead of synthetic ones. Therefore, LightGCN experiments are limited
to the main accuracy-fairness tradeoff experiments - interpretability, ablation, and scalability analysis
are only conducted on SASRec experiments. Table 6.3 contains the hyperparameters used to train
LightGCN.

Table 6.3: LightGCN Hyperparameters

Hyperparameter Value
Embedding size 128
Number of layers 2
Regularization weight 1× 10−5

For both SASRec and LightGCN models, the Adam optimizer is used with a learning rate of 0.001 and
a training batch size of 2048. The models are trained with early stopping (patience = 10 epochs) based
on validation nDCG.
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6.3. Baselines
We compare our PopSteer method with the following baselines:

• FA*IR [120]: This approach enforces group fairness in ranked outputs through a post-processing
step that guarantees a minimum proportion of protected items within every index of the top-k
list. The key idea is to prevent rankings from being dominated by highly popular items, ensuring
that minority groups consistently receive exposure across different cutoff points, not only at the
end of the list. FA*IR frames this as a fairness constraint, striking a balance between utility and
fair treatment. By doing so, it provides probabilistic guarantees that the resulting ranking will
satisfy fairness requirements at a chosen significance level α and will remain close to the original
ranking in terms of relevance. In our experiments, we vary the required proportion of protected
items p ∈ {0.01, 0.05, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0} and the significance level α ∈ {0.01, 0.05, 0.1}.

• Provider Max-Min Fairness (P-MMF) [117]: This method addresses provider fairness in recom-
mender systems by focusing on max-min fairness, a method that prioritizes improving the ex-
posure of the least-interacted provider to ensure equity among participants. Unlike approaches
based on proportional fairness, which allocate exposure in fixed ratios, max-min fairness protects
weaker providers who otherwise may get very little exposure. P-MMF treats recommendation as
a resource allocation problem, where exposure slots are treated as limited resources to be dis-
tributed among providers, and uses a fairness regularizer that balances user preference with
provider fairness. To adapt the method to our use case, we divide the items into three groups:
Head, Tail, and the remaining items, and treat each group as a provider. In our experiments,
we apply the Min-regularize heuristic version of P-MMF, and tune the tradeoff hyperparameter
λ ∈ {0.01, 0.05, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0}.

• Personalized Calibration Targets (PCT) [109]: This method introduces the idea of two-sided
calibration, with the aim of balancing both user-level and system-level exposure in recommender
systems. On the user side, PCT ensures that each individual’s recommendations match their
historical interests in the right proportions (e.g., if a user watches mostly popular content, the
recommended list should reflect this). On the system side, it prevents the overall ecosystem
from being dominated by low-quality or biased content by enforcing a desired global exposure
distribution across item groups. PCT achieves this through a two-step post-processing frame-
work: a solver computes personalized calibration targets that minimally deviate from users’ past
behavior while still respecting system-wide exposure goals, and a reranker adjusts recommend-
ation lists using a variant of maximum marginal relevance (MMR). This makes PCT useful in
scenarios where both personalization and broader platform-level objectives must be met. Similar
to P-MMF, each item group is treated as a separate group, resulting in three separate groups.
Hyperparameters are tuned in the same way as for FA*IR.

• Dynamic User-oriented re-Ranking (DUOR) [46]: This method addresses popularity bias by
aligning recommendations with each user’s individual inclination towards popular versus niche
items. Unlike many existing approaches that apply uniform penalties to popular items, DUOR
first classifies items into popular and unpopular groups based on the Pareto Principle and then
estimates a user’s genuine popularity tendency. During re-ranking, the algorithm adjusts the
recommendation list in an iterative manner: at each step, it compares the current ratio of pop-
ular items in the list with the user’s personal popularity profile and either penalizes or promotes
items to maintain alignment. This ensures that users who prefer mainstream content are not
unfairly restricted, while those with niche interests receive more long-tail exposure. As a res-
ult, DUOR provides more calibrated recommendations that improve both fairness and diversity
without sacrificing accuracy. An important DUOR hyperparameter is the long recommendation
list: the size of the candidate pool from the base model that DUOR reranks before truncating to
the final top-k list. In our experiments, we tune DUOR with long recommendation lists of size
t ∈ {50, 100, 250, 500, 1000}.

• Inverse Popularity Ranking (IPR) [122]: A simple yet effective reweighting approach that ad-
justs relevance score for user-item pairs based on inverse popularity: s̃u,i = su,i/(1 + αρi), where
ρi = pop(i)

/
maxj∈I pop(j), and α is a hyperparameter controlling the degree of mitigating bias,

regulating how strongly the algorithm pushes the popular items back. Small values of α retain
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rankings closer to the original relevance scores, while larger values increasingly promote long-tail
items. We tune α ∈ {0.01, 0.05, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0} in our experiments.

We also compare our PopSteer with a simple Random baseline that randomly selects k items from an
initial longer recommendation list. We test this baseline with long list sizes t ∈ {15, 30, 50, 75, 100}. We
set the size of long recommendation lists for P-MMF, PCT, IPR, and FA*IR to 250.

6.4. Evaluation metrics
We evaluate recommendations along two dimensions: (i) ranking accuracy with NDCG, and (ii) expos-
ure fairness with Item Coverage and the Gini index. In this section, we provide the definition of the
ranking metrics used.

Let U be the set of users, I the set of items, and R̂u = (̂iu1, . . . , îuK) the top-K list for user u. Relevance
is binary: ru,i ∈ {0, 1}. Define the set of hit positions (the ranks at which recommended items are
relevant)

R(u) =
{
i ∈ {1, . . . ,K}

∣∣ ru,̂iui
= 1

}
,

Let K be the final recommendation list size.

NDCG@K. NDCG measures the quality of the top-k ranking. Its values lie in [0, 1] and higher is better.

NDCG@K =
1

|U|
∑
u∈U


K∑
i=1

δ(i ∈ R(u))
1

log2(i+ 1)

min(|R(u)|, K)∑
i=1

1

log2(i+ 1)

 . (6.1)

Here, δ(·) is an indicator function. If |R(u)| = 0, the user’s contribution is 0. Following [126], we also
report NDCG separately on Head and Tail item subsets by restricting (6.1) to those subsets.

ItemCoverage@K. Let ci be the number of users whose top-K list contains item i:

ci =
∑
u∈U

δ
(
i ∈ R̂u

)
,

Coverage is the fraction of items that meet a minimum exposure threshold τ :

ItemCoverage@K =
1

|I|

∣∣∣{ i ∈ I
∣∣ ci ≥ τ

}∣∣∣. (6.2)

We set τ = 5 following prior work [87, 88] to exclude items that only appear a handful of times due to
luck rather than sustained exposure.

Gini@K (inequality of exposure). Using the same top-K exposure counts ci from (6.2), sort them in
nondecreasing order c(1) ≤ · · · ≤ c(|I|). The Gini coefficient over top-K exposure is

Gini@K =

∑|I|
j=1(2j − |I| − 1) c(j)

|I|
∑|I|

j=1 c(j)
. (6.3)

Values lie in [0, 1] and lower is better (0 means perfectly uniform exposure; higher indicates concentra-
tion on a few items).

We report overall NDCG@K (6.1), Item Coverage≥τ (6.2), and Gini (6.3), and additionally NDCG on
Head/Tail subsets for debiasing analysis.

6.5. Experimental setup
We adopt the widely used leave-one-out evaluation protocol, holding out the most recent interaction for
testing, the second most recent for validation, and using the rest for training [65]. The final recommend-
ation list size is set to 10 for all our experimental results. For the synthetic data generation process
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described in Section 5.3.1, we set the number of synthetic users n′ = 409, 600 (200 epochs with 2048
users in each epoch), and the size of user’s profile M = 501.

6.5.1. Platform and Resources
Our implementation of PopSteer and baselines is built on top of the Recbole framework [130]. All
experiments were conducted on the DelftBlue supercomputer, using the GPU-A100 node equipped
with NVIDIA Tesla A100 GPUs.

6.5.2. PopSteer hyperparameters
PopSteer includes two key training hyperparameters:

• Scale factor s determines the size of the hidden layer of the SAE. Size N of the hidden layer of
the SAE equals d× s where d is the SAE input size. We tune s ∈ {32, 64, 96}.

• Sparsity level K specifies the number of top activations retained in the hidden layer (Refer to
Section 5.2 for details). We tune K ∈ {36, 40, 44, 48, 52, 56}.

PopSteer involves multiple hyperparameters for steering. These hyperparameters are used in inference
only, and collectively govern the steering mechanism of PopSteer.

• αPop and αUnpop as defined in Eq. 5.10 rescale the per-neuron weight wj for neurons with dj > β
(aligned with popular items) and dj < −β (aligned with unpopular items), respectively. Larger αPop

produces a stronger downward adjustment for popularity-aligned neurons; larger αUnpop produces
a stronger upward adjustment for unpopularity-aligned neurons. We tune αPop, αUnpop ∈ {1.0, 1.5,
2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5.0}.

• Threshold β determines which neurons are modified: we steer all neurons whose Cohen’s d
exceeds the threshold in magnitude, i.e., { j : |dj | ≥ β }. Larger β yields fewer steered neurons.
We tune β ∈ {0, 0.5, 1.0, 1.5, 2.0}.

Training hyperparameters are chosen by a small sweep on this split, then kept fixed for all main exper-
iments. Steering hyperparameters, which affect inference only are tuned by grid search on the same
validation split. No test metrics are consulted during selection.

6.5.3. Other training details
PopSteer was trained with Adam optimizer. ReduceLROnPlateau scheduler was used, which progress-
ively decreases the learning rate when the improvements stall for a set number of epochs. ReduceL-
ROnPlateau scheduler is configured with an initial learning rate of 0.01, patience of 10 epochs, factor
of 0.1, and a validation based on the MSE between the original and reconstructed input. Training batch
size is set to 2048.

1M is the largest number of recent items the base recommender, SASRec [65], can process at once-the size of its sliding
window.
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7
Results

In this section, we provide evidence and observations from our experimental results to address our
research questions from Section 2.4: RQ1 (Effectiveness), RQ2 (Interpretability), RQ3 (Controllability).

Section 7.1 will answer RQ1 through examining nDCG and fairness tradeoffs of PopSteer and baselines,
and also through independently measuring the impact on nDCG of head and tail items. Section 7.2
answers RQ2 by assessing interpretability through a targeted neuron manipulation study, and analysis
of the user embedding space. Section 7.3 contains the ablation study of PopSteer, to determine the
effectiveness of both the neuron selection and neuron manipulation parts of the pipeline. Section 7.4
answers RQ3 through the sensitivity analysis of several hyperparameters of PopSteer, which reveals
the controllability and importance of the key hyperparameters. Finally, Section 7.5 answers whether
the PopSteer is deployable in practical use-cases, through a scalability analysis.

7.1. Overall performance
In this subsection, we answer RQ1.

7.1.1. Accuracy–Fairness Tradeoffs
7.1.1.1. SASRec results
Figs. 7.1 and 7.2 present our main results, comparing PopSteer with SASRec and several baselines
across four datasets in terms of nDCG versus Item Coverage (Fig. 7.1) and nDCG versus Gini Index
(Fig. 7.2). Each point represents a hyperparameter configuration, with superior methods achieving
points that balance high accuracy and fairness. The best performance in Figs. 7.1 and 7.2 appears in
the upper-right and bottom-right, respectively.

On ML-1M (Figs. 7.1a and 7.2a) and BeerAdvocate (Figs. 7.1c and 7.2c), PopSteer consistently out-
performs all baselines in enhancing fairness while maintaining recommendation accuracy. It is evident
that with almost the same nDCG, PopSteer yields significantly higher Item Coverage and lower Gini
Index compared to the baseline.

Similar patterns emerge in the highly sparse Steam dataset, even with slightly improved nDCG com-
pared to SASRec and the baselines. Due to a much stronger popularity bias (high skewness in pop-
ularity distribution), tackling popularity bias on this dataset seems challenging. This is evident from the
results obtained from the baselines that all are struggling to improve fairness. Instead, our PopSteer
method manages to improve both Item Coverage and Gini Index with even slightly higher nDCG. For
instance, on Fig. 7.1b, PopSteer improves SASRec by ∼66% and ∼0.7% in terms of Item Coverage
and nDCG, respectively. Also, compared to second best-performing baseline, PCT, PopSteer achieves
∼28% and ∼3% better performance in terms of Item Coverage and nDCG, respectively.

On Yelp dataset, while IPR and DUOR are able to outperform PopSteer, this improvement is at the
cost of a higher drop in nDCG. In a more realistic and lower nDCG loss situation, PopSteer is still
superior, outperforming all baselines in terms of both Item Coverage and Gini Index. Besides fairness
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Figure 7.1: Performance comparison of PopSteer method with the baselines in terms of nDCG and Item Coverage when using

SASRec as a backbone.
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Figure 7.2: Performance comparison of PopSteer with baselines in terms of nDCG and Gini Index when using SASRec as a

backbone.

improvements, PopSteer also increases the ranking quality of SASRec by∼2.5%, indicative of its strong
effectiveness in improving recommendation overall performance (both accuracy and fairness).

Another notable pattern is the stability of PopSteer’s trade-off curves across datasets. While baselines
often show sharp accuracy drops for only slight fairness gains, PopSteer maintains gradual improve-
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Figure 7.3: Performance comparison of PopSteer method with the baselines in terms of nDCG and Item Coverage when using

LightGCN as a backbone.
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Figure 7.4: Performance comparison of PopSteer with baselines in terms of nDCG and Gini Index when using LightGCN as a

backbone.

ments. This stability shows the reliability of adjustments on targeted neuron, which minimizes uninten-
ded disruptions to the model’s decision-making process compared to other approaches. This control-
lability is advantageous for deployment, as it allows practitioners to reliably tune the trade-off between
fairness and accuracy according to specific application needs without unpredictable outcomes.
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Figure 7.5: Performance comparison of PopSteer with baselines in terms of overall nDCG and nDCG on Head and Tail items.
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7.1.1.2. LightGCN Results
Similarly to Figs. 7.1 and 7.2, Figs. 7.3 and 7.4 present the accuracy–fairness trade-off for LightGCN.
Overall, PopSteer remains competitive, but it does not consistently outperform the baselines. On the
Yelp and BeerAdvocate datasets, under realistic conditions with only a minor drop in nDCG, PopSteer
is outperformed by DUOR, PCT, and IPR in terms of both Gini index and item coverage. On ML-1M,
PopSteer performs competitively and often better thanmost baselines, thoughDUOR achieves stronger
results, especially in regions with only a small nDCG loss.

On Steam, however, PopSteer clearly outperforms all baselines. LightGCN’s baseline Gini index is
0.9972, which is even higher than that of SASRec, indicating an even stronger popularity bias. As a
result, its recommendation lists contain very few long-tail items, limiting the effectiveness of reranking-
based baselines. By contrast, PopSteer directly modifies the internal structure of the model, and thus
is not constrained by the lack of long-tail items in the candidate pool. This explains the superior per-
formance of PopSteer on the Steam dataset.

7.1.2. Head–Tail Performance
Beyond fairness gains obtained from PopSteer, Fig. 7.5 compares the overall nDCG with nDCG on
head (Fig. 7.5a) and tail (Fig. 7.5b) items, respectively. Subsection 7.1.1 showed that tail items get
more exposure while maintaining accuracy. In this subsection, we examine whether the recommended
tail items are relevant to the user. In particular, we look for a debiasing effect in which relevant long-tail
items gain rank without harming overall quality, evidenced by higher tail nDCG at similar overall nDCG
and only minor changes in head nDCG. Although this is not our primary objective, it is still interesting
to assess the debiasing effect of PopSteer. This ensures that fairness gains result in surfacing useful
items rather than merely reshuffling exposure.

Fig. 7.5 illustrates the comparison of PopSteer and baselines in terms of overall nDCG and nDCG
on Head and Tail items. The best performance in Figs. 7.5a and 7.5b appears in the lower-right and
upper-right, respectively.

In terms of head-nDCG, Fig. 7.5a shows that PopSteer performs at least as well as or better than other
baselines when balancing head-nDCG and overall nDCG. On the ml-1m, steam, and beeradvocate
datasets, PopSteer follows a similar trend to the strongest baselines. For the yelp dataset, however,
PopSteer consistently achieves higher head-nDCG for any given overall nDCG value compared to all
baselines.

As shown in Fig. 7.5b, PopSteer outperforms the baselines in the tradeoff between overall nDCG and
tail nDCG, with particularly strong results on the Steam and Yelp datasets. On Steam, where extreme
sparsity makes it challenging for most baselines to recommend relevant tail items, PopSteer significantly
improves tail nDCG with only a modest reduction in overall nDCG. On Yelp, it sharply increases tail-
nDCG without any loss in overall nDCG. For the ml-1m dataset, while it does not consistently surpass
all baselines, PopSteer achieves performance comparable to the strongest ones.

Results validate that PopSteer improves the accuracy of tail item recommendations at a manageable
reduction in head item accuracy. Analysis of the plots indicates that PopSteer consistently achieves
comparable, and in most cases superior, head–tail nDCG tradeoffs relative to the baselines.

7.2. Interpretability analysis
In this section, we answer RQ2.

7.2.1. Manipulating the activation of targeted neuron
To assess the interpretability of PopSteer, we conduct a controlled neuron manipulation study. Specific-
ally, we manually reduce activations of the top K ′ neurons identified as most strongly associated with
popularity (dj > 1 ) or unpopularity (dj < −1). For each identified neuron j, we subtract its activation
by one standard deviation, i.e., a′j = aj−σj . This adjustment was chosen to remain within the neuron’s
expected activation distribution, avoiding extreme perturbations while testing the causal influence on
bias.

Fig. 7.6 illustrates how the Gini Index evolves as the activation of these most influential neurons are pro-
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Figure 7.6: Interpretability analysis of PopSteer: effect of reducing activation of K′ neurons linked to popularity bias (β = 1).

Table 7.1: Wasserstein distance between data points in Fig. 7.7: 0 indicates identical and a higher value indicates a more
dissimilar distribution. Bolded entries show desirable values: higher distance to “Synthetic popular profiles” and lower distance

to “Synthetic unpopular profiles”.

ML-1M Steam BeerAdvocate Yelp

Actual → Synthetic popular 1.53 0.99 1.61 2.11
Steered → Synthetic popular 5.92 1.38 3.61 2.17
Actual → Synthetic unpopular 7.25 2.74 3.52 1.21
Steered → Synthetic unpopular 3.42 2.35 1.53 1.16

gressively reduced. On Yelp, BeerAdvocate, and ML-1M, reducing the activations of popularity-aligned
neurons consistently improves the Gini Index while reducing the activations of unpopularity-aligned
neurons worsens the Gini Index. Notably, ML-1M shows a sharp initial change, suggesting primary
neurons encode the main signal, with secondary neurons providing support. BeerAdvocate exhibits
a similar pattern for popularity-aligned neurons. These results align with SAE literature where neur-
ons specialize in monosemantic features [16, 43, 95]. For Steam, with extreme popularity skew (Gini
> 0.99), 1 standard deviation adjustments have minimal effect, as few hyper-popular items dominate
exposure, requiring stronger interventions (see Section 7.4).

7.2.2. Analyzing user embedding space
To analyze PopSteer’s interpretability, we examine users’ embedding space derived from SAE. To visu-
alize this space, we create UMAP [90] by projecting high-dimensional neuron activations from SAE into
a 2D space. UMAP preserves local neighborhoods, so users with similar neuron activation patterns
appear near each other in the plot.

Specifically, we collect four activation sets from the SAE: (i) real user profiles from the test set, (ii)
synthetic-popular profiles, (iii) synthetic-unpopular profiles, and (iv) steered profiles obtained by apply-
ing PopSteer to the real ones. Each point in the plot is one user activation vector in the SAE hidden
layer. Each set was set to contain 5, 000 data points. We concatenate all four sets and project them to
2D with UMAP (using Euclidean metric), so that points that are close in the SAE space stay close in the
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Figure 7.7: 2D UMAP projections of SAE activations for real, synthetic popular/unpopular, and steered user profiles. For
ML-1M and BeerAdvocate, αUnpop = 3, αPop = 3. For Steam and Yelp, αUnpop = 1, αPop = 1.

plot. This makes it possible to see whether popularity forms its own region. The resulting projections
are shown in Fig. 7.7.

Several patterns can be observed in Fig. 7.7: First, it shows that our synthetic data generation success-
fully isolates the popularity signal. We can derive this from the fact that across all datasets, samples
from the synthetic popular and unpopular sets cluster in different regions of the reduced subspace.
This shows that the main differentiating factor of these 2 sets is their popularity level, with other factors
largely removed. Second, actual profiles align closer to the popular cluster, reflecting inherent pop-
ularity bias. This is expected, as the training data itself is skewed toward popular items, making real
profiles resemble the synthetic-popular set more closely than the unpopular set in the reduced embed-
ding space. Lastly, it shows that PopSteer’s steering mechanism works - after applying neuron steering
with PopSteer, the activations shift in the desired direction: they become more dissimilar to popular
sequences and more similar to unpopular sequences.

This visual shift is quantitatively validated in Table 7.1, which computes the 1D Wasserstein distance
between the distribution of real profiles and the two synthetic distributions, before and after steering.
These changes are statistically significant (p < 0.01), validating the reliability of PopSteer in mitigating
bias. Overall, 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.

7.3. Ablation study
To verify the effectiveness of our method, we conduct an ablation study with two variants to independ-
ently assess key components of PopSteer: (i) the neuron selection process (Noise), and (ii) the targeted
steering logic (RandomSelect).

The first variant, denoted asNoise, isolates the impact of our controlled steering mechanism as detailed
in Eq. 5.9. Here, we select the same set of neurons as in PopSteer (based on the highest absolute Co-
hen’s d), but instead of applying bias-aware, directionally consistent modifications to their activations,
we inject unstructured perturbations in the form of random Gaussian noise. We tune the hyperpara-
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Table 7.2: Ablation study: PopSteer (PS) vs. Noise vs. RandomSelect (RS).
Item Coverage ↑ Gini Index ↓

Dataset β PS Noise RS PS Noise RS

ML-1M
0.5 0.5707 0.4732 0.475 0.6645 0.7464 0.7429
1.0 0.5651 0.4741 0.4791 0.6698 0.7438 0.7442
1.5 0.5531 0.4750 0.475 0.6748 0.7428 0.7429

Steam
0.5 0.0513 0.0242 0.0242 0.9930 0.9964 0.995
1.0 0.0296 0.0259 0.023 0.9954 0.9964 0.9958
1.5 0.0241 0.0222 0.0222 0.9960 0.9964 0.9962

BeerAdvocate
0.5 0.2998 0.2268 0.243 0.7846 0.8502 0.8409
1.0 0.2939 0.2131 0.2407 0.7910 0.8675 0.844
1.5 0.2849 0.2337 0.2315 0.7989 0.8433 0.8521

Yelp
0.5 0.3582 0.3392 0.3377 0.8143 0.8273 0.8259
1.0 0.3589 0.3369 0.3398 0.8143 0.8268 0.8268
1.5 0.3406 0.3378 0.3449 0.8245 0.8261 0.8232

meters of PopSteer (αUnpop and αPop) and the Standard Deviation ξ for the Noise variant such that the
drop in nDCG does not exceed 10% relative to the base SASRec model.

The second variant, RandomSelect, ablates the neuron selection logic by randomly sampling the same
number of neurons as would be chosen under each β threshold in PopSteer. For these randomly
selected neurons, it applies steering adjustments using the same weights wj and directions (suppress
if dj > 0, boost if dj < 0) as those of the top neurons. This preserves the exact magnitudes, signs, and
variance-normalized scales of the adjustments but applies them to arbitrary neurons instead, testing
whether identifying the correct bias-encoding neurons is crucial for effectiveness.

Results are reported in Table 7.2, where we compare performance across different Cohen’s d thresholds
(β) in terms of Item Coverage and Gini Index. We observe that PopSteer consistently yields superior fair-
ness outcomes relative to ablation variants, across all datasets. Noise and RandomSelect both perform
similarly poorly, indicating that neither steering alone nor selection alone suffices. Consistent fairness
gains emerge only when targeted steering is combined with Cohen’s d–guided neuron selection, as in
PopSteer.

7.4. Sensitivity analysis
This section addresses RQ3. Fig. 7.8 and 7.9 display sensitivity analysis of αPop and αUnpop across
four datasets (β is set to 0). Fig. 7.8 shows the impact of these hyperparameters on nDCG, while
Fig. 7.9 illustrates effects on Gini Index. As these parameters increase, the Gini Index decreases,
with predictable patterns. Reductions remain steady until dataset-specific thresholds, after which point
gains plateau or reverse.

One interesting observation is the difference in the model receptiveness on αPop and αUnpop. Suppress-
ing popularity-aligned neurons leads to steeper nDCG declines than boosting unpopularity-aligned
ones. One explanation for this is that recommender systems, trained on skewed data, develop a “de-
fensive” over-reliance on popular signals for stability, while niche signals remain underutilized and more
elastic to amplification.

However, boosting unpopular-aligned neurons is not without its caveats. In the Steam dataset for
instance, varying αUnpop yields no improvements in the Gini Index. This is because amplification of
unpopularity-aligned neurons can fail to produce meaningful changes in fairness when the learned
unpopular signals are inherently weak or underdeveloped. In highly skewed training distributions like
Steam’s, where interactions overwhelmingly favor popular items, the model has little incentive to de-
velop robust representations for unpopular signals. These pathways are rarely activated in real-world
scenarios, therefore, are insufficiently influential to shift recommendations toward tail items even under
boosting.
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Figure 7.8: The effect of varying αPop and αUnpop on nDCG across four datasets.

Figure 7.9: The effect of varying αPop and αUnpop on Gini Index across four datasets.

7.4.1. Impact of steered neuron count
The hyperparameter β is a threshold on the absolute Cohen’s d used to select neurons for steering
(details in Section 6.5.2). Specifically, β = 1 means we steer only those neurons whose |dj | ≥ 1 in
the SAE’s hidden layer. To isolate the effect of the neuron count itself, we vary the number of steered
neurons directly: setting N = 100 steers the top 100 neurons ranked by |dj |. Note that the main
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Figure 7.10: Performance analysis of PopSteer in terms of nDCG and Gini Index with varying steered neuron count N on four
datasets.

hyperparameter is β - N is only used for sensitivity analysis because it cleanly probes “how many
neurons matter” without changing the eligibility threshold. Results are presented in Fig. 7.10.

Across all datasets, the largest changes in both accuracy and fairness occur at small N . On Steam,
BeerAdvocate, and Yelp, these metrics stabilize quickly and show minimal change beyond an early
threshold. For MovieLens, accuracy and fairness continue to move beyond roughly N ≈ 5000, but the
changes are gradual compared to the sharp initial change.

We attribute this behavior to the weighted steering mechanism: the per-neuron adjustment scales with
its Cohen’s d (see Section 5.4). Highly biased neurons receive the strongest updates, while neurons
with small |dj | are adjusted negligibly. As a result, the exact binary inclusion boundary (which neurons
are steered) matters less once the most biased units are included, resulting in the observed plateau.

7.5. Scalability analysis
To verify the scalability of PopSteer, we compare its inference time to baselines. As shown in Fig. 7.11,
PopSteer achieves the lowest inference time compared to baselines (exceptRandom). Furthermore, for
practicality, we also compute the training time of PopSteer (in hours), as presented in Table 7.3. Results
demonstrate that despite the high scale factor s, training time remains manageable. This aligns with
findings of the study by Gao et al. [43], which found that good initialization, top K sparsity, and dead-
latent prevention make large SAEs learn efficiently. Overall, both the training and inference times of
PopSteer are well within practical limits. This makes the use of PopSteer highly suitable for production
deployment.
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Figure 7.11: Test set inference time of PopSteer versus baselines.

Table 7.3: Training time of PopSteer on each dataset (in hours).

ML-1M Steam BeerAdvocate Yelp
Training time (h) 0.71 0.41 0.57 0.48
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8
Discussion

8.1. Key Findings
8.1.1. PopSteer offers superior accuracy-fairness tradeoffs
Our main results on SASRec in Section 7.1 suggest that PopSteer is highly effective at significantly
improving exposure fairness with only a minor accuracy drop, outperforming multiple benchmarks.
Furthermore, this is not achieved through merely recommending random tail items, but through re-
commending tail items that align with user preferences. We saw that many baselines struggled to
improve tail nDCG, a pattern especially visible on a highly sparse Steam dataset. This can be traced
to the model’s limited exposure to tail items in the training data, which prevents it from adequately
capturing their characteristics. As a result, while it may be relatively easy to increase the number of
tail recommendations, ensuring that the right tail items are recommended remains substantially more
difficult.

The main disadvantage of reranking methods is that they only act on the candidate pool that the recom-
mender model has already retrieved and scored. If the model has learned weak or incomplete features
for items with few historical interactions, those items often never enter the candidate pool at all. Even
when they do, they typically arrive with low and noisy relevance scores, leaving rerankers with nothing
reliable to promote. By contrast, representation-level edits change the model’s internal features and
scoring upstream. They strengthen signals for under-represented items and weaken over-dominant
popularity cues, so the right tail items are retrieved and scored higher before any list reshuffling occurs.
This yields fairer exposure with less instability than relying on reranking rules alone.

However, post-hoc representation-level edits are not an easy task - as we discussed, polysemanti-
city makes naive manipulation difficult. PopSteer addresses this by using a sparse autoencoder to
re-express the model’s activations as a larger, sparse, and more interpretable set of features. This
step allows neuron-level interventions in the latent space without affecting performance too much.

8.1.2. Using real data for neuron analysis is suboptimal
AlthoughPopSteer remained competitive, it did not consistently outperform the baselines in the accuracy–
fairness trade-off analysis conducted with the LightGCN model. In this experiment, real user profiles
rather than synthetic profiles were used during the neuron-analysis stage. We attribute the suboptimal
performance to two key factors. First, real users rarely show preferences that lie at the extreme ends
of the popularity spectrum which makes it harder to cleanly identify neurons encoding popularity bias.
Second, the limited number of interactions in real profiles means that confounding factors are not ab-
sent from the popular and unpopular sets. For example, the “popular” group might largely comprise of
users who watch popular Star Wars series, reflecting a franchise-specific affinity rather than a genuine
preference for mainstream items. As discussed in Section 5.3.1, our synthetic data generation pro-
cess mitigates these issues by constructing profiles that isolate popularity signals and remove such
confounding variables.
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This does not imply that the use of real data is without merit. In domains where a high number of users
exhibit clear popularity-driven preferences, leveraging real user profiles for neuron analysis can be
highly valuable. Our experiments were conducted on relatively small datasets, which likely limited the
presence of such users. In larger and more diverse datasets, it is more probable to find users whose
preferences strongly align with either popular or long-tail items. In these cases, real data offer the
additional advantage of reflecting authentic user behavior, while synthetic profiles, although effective
for isolating bias, may introduce unrealistic interaction patterns that add noise to the analysis.

8.1.3. PopSteer is interpretable
Section 7.2 presents empirical evidence for the interpretability of PopSteer. Subsection 7.2.1 shows that
suppressing individual neurons yields the expected directional changes in fairness. A striking pattern
emerges in the ML-1M and BeerAdvocate datasets: we observe discrete “popularity” neurons. In ML-
1M, suppressing one neuron produces a large increase in fairness, whereas suppressing a different
neuron causes a large decrease. In BeerAdvocate, suppressing a single neuron leads to substantial
fairness gains. This shows that in certain domains, popularity bias can be localized to a small number of
interpretable units. Future research could further investigate the activation dynamics of these neurons
and the conditions under which they emerge.

In the case of ML-1M and BeerAdvocate datasets we saw that the SAE allocates a specific “popularity”
feature. However, there is no such guarantee - we can’t guarantee that Sparse AutoEncoder will choose
to encode a specific “popularity” feature. In Section 5.3.2, we established that it doesn’t have to -
bias may be encoded in multiple “correlated” features with popularity (For instance, SAE may encode
an “action” feature, which is highly correlated with popularity) that are not necessarily equivalent to
a “popularity” feature. Indeed, on the Steam and Yelp datasets, we saw the absence of a specific
“popularity” feature. In these datasets, the effects are distributed across multiple neurons with no single
dominant neuron. Despite this, the effects remain predictable. Even when a single dominant unit is
absent, clean interventions remain feasible thanks to the sparsity and approximate monosemanticity
induced by the SAE together with our steering procedure.

Section 7.2.2 validates that the learned embedding space provides clear, visual evidence of how pop-
ularity bias is encoded and how neuron steering alters those representations. Beyond confirming that
PopSteer works as intended, these shifts also provide evidence that bias manifests in a structured,
observable way in the latent space. This opens the door for practitioners to use embedding-space
movements as a diagnostic tool during research and also as a practical sanity check when deploying
debiasing interventions in real systems.

8.1.4. PopSteer's hyperparameters have asymmetric, predictable effects
Section 7.4 results show that modifying the value of key hyperparameters results in predictable changes
in fairness. Furthermore, the impacts ofαPop andαUnpop are asymmetric, meaning, suppressing popularity-
aligned neurons tends to degrade accuracy more quickly than amplifying unpopularity-aligned neurons.
The tradeoff patterns are largely dataset-specific, dependent on the dataset characteristics such as
sparsity. Many existing neuron-level intervention methods either rely on a single hyperparameter to
uniformly scale activations up or down [63], or else take a cruder approach by directly zeroing out
selected neurons [55]. Our results indicate that a more effective strategy is to address both sides of
the bias: suppressing popularity-aligned neurons while simultaneously amplifying those aligned with
unpopular items. Moreover, we find that the optimal steering strengths for these two directions behave
asymmetrically and vary across datasets, implying that they must be tuned independently rather than
controlled by a single shared parameter.

8.1.5. Steered neuron count is less important than the key hyperparameters
Section 7.4.1 explored how controlling the number of steered neurons N affects performance. We find
that steering the most biased neurons accounts for most of the observed change, and beyond this set,
increasing N results in diminishing effects on both accuracy and fairness. This follows directly from
the weighted steering mechanism: per-neuron updates scale with |dj | (See Section 5.4), so weakly
biased neurons receive negligible adjustments. As a result, the precise choice of N is comparatively
uncritical.
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In practice, one can simply set β = 0 so that all neurons are steered - the weighting still ensures
that minimally biased units are adjusted only minimally. This is a practical advantage of weighted
steering: users can focus on tuning the steering strengths rather than simultaneously tuning the number
of steered neurons. By contrast, hyperparameters αPop and αUnpop have much larger influence on
outcomes, as discussed in Section 8.1.4.

8.1.6. PopSteer is deployable
Section 7.5 results suggest that PopSteer is deployment-friendly - both the training and inference time
of PopSteer are within practical limits. In general, it has been shown that SAEs can have millions of
latents (hidden neurons), with the compute remaining manageable [43]. This is partially because in
Sparse Autoencoders, the encoder forward pass is the main cost, whereas Top-K makes the decoder
usage sparse so decoding is relatively cheap [43]. In practice, the SAE can be trained offline on cached
activations without needing to pass through the base recommender model.

Hyperparameter tuning. Steering hyperparameters (αPop, αUnpop, β) are inexpensive to tune because
the base model and SAE remain fixed and the tuning is done on the validation set. A simple grid search
suffices for tuning, though Bayesian optimization or other methods are applicable if the hyperparameter
search space is higher-dimensional. During our experiments, we observed weak coupling among the
three hyperparameters, so tuning them independently is effective as well.

Tuning training-time hyperparameters is more compute-intensive because each setting requires retrain-
ing the SAE. In our experience, increasing the scale factor s beyond a certain point provided no obvious
gains in interpretability or accuracy, and simply led to a higher number of dead neurons, independent of
the chosen K. We therefore recommend first locating a suitable range for scale factor s that balances
reconstruction quality and neuron utilization, and subsequently tuning K within that range.

Combining early stopping with a ReduceLROnPlateau scheduler helps training converge quickly. For
hyperparameter tuning, a relatively high learning rate and low patience should be chosen, and the
validation loss should be monitored to rapidly rule out poor settings. Once a promising range is iden-
tified, patience and, if needed, the learning rate should be readjusted to allow the model more time to
converge.

8.2. Limitations
Despite its promise, PopSteer has clear limitations. It assumes a reasonably expressive, well-trained
base recommender whose embedding space already encodes coherent structure. An SAE can only re-
construct activations with a small number of neurons when there are recoverable patterns. If the base
model fails to capture fine-grained regularities, the SAE will struggle to learn monosemantic, disen-
tangled features. As an analogy, reconstructing i.i.d. Gaussian noise is futile: with no structure, there
is nothing coherent to recover. This issue is especially apparent when the model struggles to estimate
user preferences due to either very short or noisy user histories, where the effective signal is weak. In
such cases, swapping in SAE reconstructions can introduce nontrivial reconstruction error and degrade
ranking quality even with zero steering. A practical mitigation is to reduce sparsity through increasingK
(allow more active features per reconstruction) to reduce error. However, a higherK weakens monose-
manticity and, ultimately, interpretability by encouraging dependencies among neurons. The resulting
feature entanglement makes targeted interventions less clean, soK must be chosen to balance recon-
struction fidelity against interpretability.

PopSteer identifies popularity-aligned neurons by contrasting two synthetic user sets—one that strongly
prefers head (popular) items and one that prefers tail (unpopular) items. This relies on the base recom-
mender encoding a learnable “popularity-preference” dimension in user representations. If the dataset
lacks a salient niche-vs-blockbuster construct (to put it in another way, if the model does not meaning-
fully distinguish users by popularity preference), there may be few or no popularity-aligned neurons to
steer, and PopSteer’s impact can be limited. As a practical pre-check, one can probe the user embed-
dings for a popularity-preference signal: train a simple classifier to separate synthetic head-preferring
and tail-preferring users. If it cannot distinguish them, PopSteer likely has limited leverage. Because
this scenario was not directly tested in our experiments, we present it as a hypothesis and a direction
for future study.

41



Master’s thesis Parviz Ahmadov

The model is markedly more sensitive to suppressing popularity-aligned neurons than to amplifying
long-tail neurons. This can occur when the activations for long-tail features sit near zero: prior work has
found that unpopular dimensions tend to have much smaller magnitudes than popularity dimensions
[68]. When the baseline signal is that weak, pushing it upward results in limited movement in scores. In
such scenarios, most of the attainable mitigation comes from dampening the popular neurons, rather
than trying to amplify the scarcely activated long-tail neurons.

Our interpretability analyses support approximate monosemanticity rather than the perfect form. Per-
fect monosemanticity would require each neuron to encode a single, disentangled feature and behave
independently of all others, an assumption the literature regards as practically unattainable at scale.
Consistent with this, Section 7.2.1 shows that single-neuron interventions produce largely predictable,
directionally correct effects, but the diagnostic plots display small off-target deviations instead of per-
fectly smooth shifts. These results point to some degree of entanglement and coupling across neurons,
explaining why the trajectories are not perfect.

Another limitation of PopSteer is its procedural overhead: the workflow requires training an SAE, gen-
erating synthetic sets, and computing Cohen’s d to select target units. In addition to the SAE’s train-
ing hyperparameters, PopSteer requires tuning three inference-time hyperparameters for steering. In
contexts where complexity, latency, or engineering effort are constrained, simpler methods such as
rerankers may be preferable.

8.3. Future Work
Our synthetic user procedure isolates popularity bias by removing confounders. While effective in
our experiments, it sits on a realism-utility trade-off - overly unrealistic profiles could, theoretically, in-
ject noise or artifacts even if we did not observe such issues here. We hypothesize that distribution-
constrained synthetic profiles that remain close to the training data’s user embedding distribution while
containing a clear popularity signal will yield cleaner neuron attribution and more stable steering. Fu-
ture research could explore “smarter” synthetic set generation, such as probabilistic sampling from
item popularity gradients [86] or generative models (e.g., GANs) [11] to produce distribution-aligned
yet bias-amplified sequences.

Applying the PopSteer framework for addressing other biases can be an interesting direction for future
research. Concretely, to extend this framework beyond popularity, define the target attribute using
reliable metadata and construct two synthetic datasets that differ in that attribute (e.g., create two
sets: one of highly gender-stereotyped films and another of non–gender-stereotyped films). Then the
remainder of the PopSteer pipeline should be applied unchanged. However, as noted in the Limitations
section, effectiveness depends on the attribute being salient in the base model’s representations. If
the recommender does not encode the attribute as a meaningful signal, steering is unlikely to cause
substantial gains.

Future work could assign richer semantic labels to SAE neurons, moving beyond “popular/unpopular” to
finer-grained concepts (e.g., indie film, documentary, female-led cast). Exposing these concept-aligned
activations would enable explainable recommendations. For example, “Recommended because the
indie-film neuron is strongly activated”. This would improve transparency for users and operators alike.

As discussed in detail in Section 5.2, we inserted the SAE only at the model’s final layer. Future
work should systematically compare insertion points across the network (earlier layers vs. the output
layer) to assess where steering yields the best fairness–accuracy trade-off. Moreover, because most
recommenders learn user and item embeddings separately, evaluating SAEs on the user side, the item
side, and jointly is a promising direction.

Future work should explore extending PopSteer to a wider range of recommender architectures. We
chose SASRec for our experiments because it allows straightforward generation of synthetic sequential
data. In contrast, for LightGCN, we relied on real user profiles for neuron-level analysis and observed
that such real profiles are often suboptimal for this purpose. While synthetic data generation is less
direct in non-sequential recommenders, several strategies are available. A simple approach is to con-
struct a synthetic profile in the usual way by selecting a set of items and define the synthetic user’s
embedding as the mean of the embeddings of those items. This is justified because, in general recom-
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mender models, typically, user and item embeddings live in the same space. More complex embedding
generation strategies (using the generated synthetic profiles) can be used as well, such as graph-based
propagation from neighboring nodes [119] and feature-conditioned neural mapping for cold-start users
[48].

In particular, extending PopSteer to LLM-based recommender systems is a promising direction. Re-
cent studies provide consistent evidence that SAEs are highly effective for interpretability and feature
steering in Large Language Models (LLMs). This extension is especially interesting given the growing
role of LLMs in modern recommenders, where understanding and controlling latent biases remains a
critical challenge.

8.4. Ethical Considerations
Our work focuses on mitigating popularity bias in recommender systems, which has implications for fair-
ness, user experience, and content exposure. By reducing the overrepresentation of popular items and
amplifying relevant tail items, PopSteer aims to create a more equitable recommendation environment.
However, several ethical aspects should be considered:

• Fairness is multi-objective. Popularity mitigation improves head–tail balance but can conflict
with other forms of bias, such as user-centric fairness (equal utility across users) and provider-
centric fairness (equitable exposure across creators). Therefore, it is important to treat fairness as
a Pareto problem - report multiple metrics (for instance, exposure parity by item cohort, per-user
utility, provider Gini) and prefer settings that improve one objective without sharply degrading oth-
ers. Strong steering without extensive testing should be avoided, especially in sensitive domains
such as finance, healthcare, and news.

• User autonomy and transparency. Steering latent activations can change recommendations
in ways users do not expect. To maintain trust, it is best to provide brief explanations, such as
“diversifying away from blockbusters” and visible controls. Rather than exposing raw hyperpara-
meters, an intuitive control, such as a slider controlling “popularity emphasis” can be offered with
safe defaults and the ability to revert changes.

• Distributional impacts and potential harm. Reallocating exposure creates winners and losers
across genres, regions, and newcomer creators. Prior to deployment, demographics tests should
be conducted across multiple groups based on content category, creator group, and geography.
In addition to standard accuracy and fairness metrics, it is advisable to monitor revenue and
complaint rate per group. Guardrails such as “minimum quality thresholds” can be added so tail
amplification does not surface low-quality or unsafe content.

• Dataset limitations and privacy. Our experiments rely on publicly available datasets that may
not represent all user populations. Applying PopSteer in real-world systems should account for
dataset biases, data sparsity, and potential privacy concerns. In production, data collection should
be limited to what is necessary and be compliant with applicable data-protection regulations such
as GDPR [40].

43



9
Conclusion

Popularity bias is a persistent challenge in recommender systems: a small set of head items receives
disproportionate exposure while long-tail items are under-represented. Most mitigation methods are
black-box, offering little insight into how they work. This thesis introduces a post-processing approach,
PopSteer, that brings neuron-level interpretability and control through three stages: (i) training a Sparse
Autoencoder, (ii) analysing neurons with synthetic profiles to identify popularity-aligned features, and
(iii) mitigating bias by targeted steering of those neurons.

Across four datasets with SASRec as the backbone, PopSteer delivers a stronger accuracy–fairness
trade-off than baseline methods (RQ1): fairness improves substantially with minimal impact on nDCG,
and the additional exposure comes from relevant long-tail items rather than recommending random
tail items. We also evaluated PopSteer with LightGCN, replacing synthetic profiles with real users for
neuron analysis; as expected, gains were smaller - likely because real-user profiles provide weaker
contrast for isolating popularity-biased features. Despite this, the method remained competitive and
controllable. The ablation study of PopSteer further confirmed that the gains achieved by PopSteer are
not random and both the neuron selection and steering mechanism of PopSteer is crucial for achieving
strong results.

We evaluated the interpretability ofPopSteer (RQ2) by systematically decreasing neuron activations and
tracking the resulting changes in fairness. The effects were predictable and monotonic: reducing the
activation of “popular” neurons increased fairness, while suppressing “unpopular” neurons degraded
it. Interestingly, on two datasets, we found that there are a few neurons that encode most of the bias,
while in others, the bias is distributed among many neurons. Further analyses of activation trajectories
in a UMAP-reduced subspace showed steered representations moving away from popularity-aligned
directions, confirming that PopSteer isolates and mitigates bias directly in the embedding space.

We conducted sensitivity analysis of the key hyperparameters (RQ3). Results suggest that the steering
hyperparameters αPop and αUnpop have predictable effects on accuracy and fairness. Furthermore, it
was found that the effects of these hyperparameters are asymmetric - αPop typically causes a sharp
increase in fairness and decrease in accuracy, while the effect of αUnpop on fairness and accuracy is
more gradual. It was concluded that they need to be adjusted differently, dependent on the specific
use-case.

The effect of steered neuron countN on accuracy and fairness was also investigated. Results suggest
that it is not as important as other key hyperparameters, since the steering mechanism already adjusts
neuron activations based on their bias level, making the choice of steering inclusion threshold less
critical.

Beyond effectiveness, PopSteer is deployable. Inference and training time of PopSteer was found to
be within the acceptable threshold. Tuning steering hyperparameters of PopSteer is computationally
inexpensive, since they are tuned after model training. Training hyperparameters K and scale factor
s are harder to tune through grid search. We proposed several strategies to quickly tune these hy-
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perparameters, including tuning K after finding a suitable range for s, starting with high learning rate
etc.

Despite the promise, PopSteer has a number of limitations. PopSteer depends on the base model
encoding meaningful structure. When user histories are noisy or the data do not support a salient
popularity-preference dimension, the SAE may learn weaker features, making steering less effective.
The pipeline (SAE training, synthetic set generation, Cohen’s d computation) adds engineering over-
head and depending on the use-case, simpler techniques may be preferred. Furthermore, while the
representations are more monosemantic than the original dense embeddings, full monosemanticity is
not achieved. The Inherent trade-off between reconstruction error and monosemanticity limits how far
we can push interpretability and, by extension, the effectiveness of targeted steering.

Overall, the results support a simple takeaway: targeted, neuron-level edits can achieve fairness im-
provements with tolerable accuracy cost and with explanations for why they work. Promising future
directions include richer semantic labeling of neurons, smarter synthetic data generation, and applying
the same pipeline to other biases, further advancing the integration of interpretability and operational
control in recommender systems.
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A
Steering impact on item score

We demonstrate how changes in individual SAE neurons can be attributed directly to changes in item
scores. We do not compute these quantities in our experiments. Instead, we include them as an
interpretive lens that explains why particular items moved up or down and which neurons were most
responsible.

In collaborative filtering, the relevance of item i for a user is typically computed as a dot product between
the user embedding and the item embedding. After steering, the score for item i is:

si = v⊤i x̂
′, (A.1)

where vi ∈ Rd is the item embedding and x̂ ∈ Rd is the steered user embedding produced by the SAE
as defined in equation 5.12 (If cosine similarity is used, replace this with si =

x̂′⊤vi
∥x̂′∥ ∥vi∥ ; the discussion

below applies analogously.).

Let Wdec = [ϕ1, . . . ,ϕN ] denote the columns of the SAE decoder.

Define:
∆aeff = a′ − a, ∆x = x̂′ − x̂ = Wdec ∆aeff .

where∆aeff is the change in hidden activations and∆x is the change in user embedding after steering.
Then, based on equation A.1, the score change for item i is

∆si = v⊤i ∆x = v⊤i

N∑
k=1

∆aeff,k ϕk =

N∑
k=1

∆aeff,k

(
v⊤i ϕk

)︸ ︷︷ ︸
=: vi,k

.

WhereN is the number of SAE hidden neurons. The scalar vi,k is the projection of the item embedding
vi onto neuron k’s direction in the decoder, ϕk:

vi,k = v⊤i ϕk.

It quantifies geometric alignment between item i and neuron k in the base embedding space: vi,k > 0
indicates alignment, vi,k < 0 indicates anti-alignment, and |vi,k| gives the strength of that alignment.
Intuitively, neuron k’s decoder vector ϕk points in a particular direction in embedding space. If vi points
in a similar direction (vi,k > 0), then increasing neuron k’s activation will increase the score of item i in
proportion to vi,k. Conversely, vi,k < 0means that raising neuron k’s activation will decrease the item’s
score, while |vi,k| ≈ 0 means neuron k has little effect on that item.

We define the per-neuron attribution to item i as

Ai,k ≜ ∆aeff,k vi,k, ∆si =

N∑
k=1

Ai,k.
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Here Ai,k is the signed contribution of neuron k to the score change of item i: Ai,k > 0 means the
steering increased the score via neuron k, Ai,k < 0 means it decreased it, and |Ai,k| is the magnitude
of that effect. These attributions explain how steering altered rankings.

For practitioners and system debuggers, Ai,k enablesmonitoring and auditing: one can see which SAE
neurons (and by how much) caused specific items to move up or down, spot neurons that systemat-
ically drive head/tail exposure changes, and verify that the intended ones are actually responsible for
observed ranking shifts. For a user-facing explanation, the same attribution can be summarized for a
displayed set without revealing model internals. For example, if an item that was previously below the
cut enters the top-K after steering, we can compute the most responsible neuron

k⋆i = argmax
k

∣∣Ai,k

∣∣
and communicate: “This item appeared because steering increased neuron k⋆i , which in our analysis
tends to favor niche recommendations.”. This provides a concrete, additive explanation tied to the
model’s neurons, improving transparency.
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