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Abstract
We present a method for extracting monosemantic neurons,
defined as latent dimensions that align with coherent and inter-
pretable concepts, from user and item embeddings in recom-
mender systems. Our approach employs a Sparse Autoencoder
(SAE) to reveal semantic structure within pretrained represen-
tations. In contrast to work on language models, monoseman-
ticity in recommendation must preserve the interactions be-
tween separate user and item embeddings. To achieve this, we
introduce a prediction aware training objective that backprop-
agates through a frozen recommender and aligns the learned
latent structure with the model’s user-item affinity predictions.
The resulting neurons capture properties such as genre, pop-
ularity, and temporal trends, and support post hoc control
operations including targeted filtering and content promotion
without modifying the base model. Our method generalizes
across different recommendation models and datasets, provid-
ing a practical tool for interpretable and controllable personal-
ization.

Code —
https://github.com/DeltaLabTLV/Monosemanticity4Rec

Introduction
Modern recommender systems rely heavily on latent embed-
dings to achieve scalable, personalized, and accurate recom-
mendations (He et al. 2017, 2020; Gaiger et al. 2023; Barkan
et al. 2019; Barkan, Katz, and Koenigstein 2020; Barkan
et al. 2021a,b,c). However, these embeddings typically lack
clear semantic meaning, significantly limiting interpretability.
Such opacity reduces user trust, complicates debugging, and
raises concerns around fairness and accountability.

Recent advances in Sparse Autoencoders (SAEs) have
shown that monosemantic neurons, or latent dimensions
aligned with human-interpretable concepts, can be extracted
from Large Language Models (LLMs) (Templeton et al. 2024;
Gao et al. 2024; Pach et al. 2025). These neurons support
greater transparency, robustness, and fine-grained behavioral
control (Zhang et al. 2024a; Makelov, Lange, and Nanda
2024; O’Brien et al. 2024). Motivated by these findings,
we explore how SAE-based monosemantic analysis can be
adapted to recommender systems, which rely on modeling
interactions between distinct user and item embeddings.

Copyright © 2026, Association for the Advancement of Artificial
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Crucially, recommender systems differ fundamentally
from LLMs. Rather than relying on forward propagation
within a single shared representation space, they derive rele-
vance from explicit interactions between separate user and
item embeddings. As a result, existing SAE methods devel-
oped for LLMs offer limited suitability for recommender
systems, since they do not sufficiently preserve the user–item
interaction patterns that drive recommendation quality.

To address this gap, we introduce a novel Sparse Autoen-
coder framework explicitly designed to extract interpretable
monosemantic neurons from recommender embeddings. Our
key innovation is a prediction-aware reconstruction loss,
which backpropagates gradients through a frozen recom-
mender model. Unlike conventional SAE setups that focus
only on geometric reconstruction, our approach preserves
recommendation behavior by aligning the reconstructed em-
beddings with the recommender’s predicted affinities. This
innovative design requires a non-traditional training process
in which gradients flow through the fixed user–item interac-
tion functions, ensuring behavioral alignment. Additionally,
we replace the Top-K sparsity objective commonly used in
prior LLM-based approaches with KL-divergence sparsity
regularization, eliminating the dead neuron issue and im-
proving the stability of learned representations. Importantly,
our method integrates seamlessly into widely deployed two-
tower architectures (Covington, Adams, and Sargin 2016;
Yang et al. 2020; Yu et al. 2021; Wang et al. 2025) without
requiring architectural changes or additional supervision.

Beyond interpretability, our extracted monosemantic neu-
rons enable actionable interventions: by selectively modify-
ing specific latent dimensions, we demonstrate the ability to
expose users to novel content, suppress undesired genres, or
strategically promote items to targeted audiences—all post
hoc, without retraining the base model. These capabilities
enhance transparency, user control, and real-world utility of
recommender systems.

Contributions: (1) We introduce a Sparse Autoencoder
explicitly tailored to extract interpretable monosemantic neu-
rons from recommender embeddings. (2) We propose a novel
prediction-aware reconstruction loss, preserving user-item
interaction semantics. (3) We demonstrate practical appli-
cations including content filtering, user preference steering,
and targeted item promotion. (4) We present the first com-
prehensive evaluation of monosemanticity across multiple
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recommender models and diverse datasets.

Related Work
Monosemanticity via Sparse Autoencoders. Monoseman-
ticity extraction is an emerging research area that seeks to
identify latent dimensions aligned with coherent and inter-
pretable concepts. Recent work in Large Language Models
(LLMs) has demonstrated that Sparse Autoencoders (SAEs)
can uncover such monosemantic neurons, supporting greater
transparency, robustness, and fine grained control (Templeton
et al. 2024; Gao et al. 2024; Paulo et al. 2024; Dang et al.
2024; Makelov, Lange, and Nanda 2024; O’Brien et al. 2024;
Zhang et al. 2024a; Härle et al. 2025). To address challenges
such as feature absorption, where individual neurons mix
several unrelated concepts, Matryoshka SAEs (Bussmann
et al. 2025) introduce hierarchical dictionaries that encourage
coarse to fine specialization. At the same time, very large
dictionaries can lead to feature hedging, a phenomenon in
which multiple neurons redundantly capture the same fac-
tor (Chanin, Dulka, and Garriga-Alonso 2025). (Pach et al.
2025) proposed a monosemanticity metric based on the simi-
larity of each neuron’s top activating items.

Prior SAE based monosemanticity research has largely fo-
cused on latent spaces that arise from forward propagation in
transformer based LLMs. Although multi modal extensions
exist (for example, CLIP (Zaigrajew, Baniecki, and Biecek
2025)), they do not address the problem of extracting seman-
tics from explicit interactions between separate embeddings.
Recommender systems differ in this respect, since they de-
termine relevance through user–item embedding interactions
rather than through a single evolving representation. This
interaction based structure introduces challenges that have
not been explored thus far.

Interpretability in Two-Tower Recommender Architec-
tures. Two-tower recommenders independently encode users
and items, combining them via interaction functions such as
dot products in Matrix Factorization (Koren, Bell, and Volin-
sky 2009) or neural composition layers in NeuMF (He et al.
2017). Their scalability and modularity have made them the
foundation of modern personalization systems (Covington,
Adams, and Sargin 2016; Yang et al. 2020; Yu et al. 2021;
Wang et al. 2025), yet their interpretability remains limited
because relevance arises only through embedding interac-
tions. Existing approaches either design model-specific inter-
pretable factors or attention weights (Melchiorre et al. 2022;
Abdollahi and Nasraoui 2017; Barkan et al. 2023; Zhang
et al. 2024b) or apply post-hoc explanation techniques based
on feature attribution and perturbation analysis (Ghazimatin
2020; Barkan et al. 2024; Guo et al. 2023; Qin et al. 2024).
These methods illuminate outputs but leave the semantics of
the latent embedding space opaque.

Method
We introduce an SAE framework specifically designed to
extract monosemantic concepts from user and item embed-
dings in two tower architectures. Our approach incorporates
a novel prediction level loss that directly accounts for the
interaction based nature of recommender embeddings, yield-
ing improved semantic consistency with the affinity patterns

learned by the underlying recommender.

General Recommender System Formulation
We consider a generalized two-tower architecture, common to
recommender systems, where user and item inputs xu ∈ Rdu

and xi ∈ Rdi are independently encoded:

eu = fu(xu; θu), ei = fi(xi; θi), (1)

with a scoring function:

ŷu,i = g(eu, ei; θg), (2)

predicting the user-item affinity score ŷu,i ∈ [0, 1].

SAE Architecture
Given an embedding e ∈ {eu, ei}, our SAE encodes it into
a sparse latent vector z ∈ Rm and reconstructs it via:

z = henc(e;ϕenc) (3)
ẽ = hdec(z;ϕdec). (4)

We enhanced our SAE with a Matryoshka SAE struc-
ture (Bussmann et al. 2025), a recently proposed variant
that simultaneously trains multiple nested SAEs with increas-
ing dictionary sizes. Formally, given a maximum dictionary
size m, Matryoshka SAEs define nested dictionary sizes
M = {m1,m2, . . . ,mn} with m1 < m2 < · · · < mn = m.
Each nested autoencoder independently reconstructs the input
using only its subset of latent neurons, inducing a hierarchy
in which early latents capture general features, while later
latents specialize in finer-grained concepts.

Loss Functions
Our SAE is trained with a total loss combining reconstruction
and sparsity objectives:

Ltotal = Lrec + Lsparse, (5)

Reconstruction Loss (Lrec) The reconstruction loss com-
prises two components, embedding-level and prediction-level,
with the latter being a key novelty tailored specifically for
recommender systems:

1. Embedding-level loss: ensures geometric fidelity be-
tween original and reconstructed embeddings:

Lemb = ∥e− ẽ∥22. (6)

2. Prediction-level loss (novelty): Designed specifically
for recommender systems, this term aligns reconstructed
embeddings with the recommender’s predicted affini-
ties rather than with embedding geometry alone. Let
ŷu,i = g(eu, ei; θg) be the original user–item affinity and
ỹu,i = g(ẽu, ẽi; θg) its reconstruction, computed through
the frozen scoring function g. We define the prediction-
level loss as the mean squared difference between the
original and reconstructed affinities over a random sample
of user–item pairs S:

Lpred =
1

|S|
∑

(u,i)∈S

(ŷu,i − ỹu,i)
2
. (7)
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Figure 1: Framework architecture. Solid black arrows indicate forward pass; dashed red arrows show gradient flow. Our
innovation adapts monosemanticity to recommender systems by backpropagating a novel prediction-level loss through a frozen
recommender, thus preserving user-item interaction semantics.

This term encourages the SAE to preserve interaction
semantics and ranking consistency, which are more crit-
ical to recommendation quality than geometric proxim-
ity alone. Because Lpred depends on the frozen recom-
mender’s gradients, training requires backpropagation
through g, as explained below.

The final reconstruction loss is:

Lrec = αLemb + βLpred. (8)

Sparsity Loss (Lsparse) We encourage sparsity using a com-
bination of ℓ1 regularization and a KL divergence penalty
applied to the activations of the bottleneck neurons. The KL
term is computed across a batch of input samples and encour-
ages each neuron to be active only a small fraction of the
time. For neuron j, let pj = 1

B

∑B
i=1 hij denote its empirical

activation rate over a batch of B inputs. The sparsity penalty
is then

KL(pj ∥ ρ) = ρ log
ρ

pj
+ (1− ρ) log

1− ρ

1− pj
,

which penalizes deviations between pj and the target rate ρ,
encouraging compact and disentangled representations (Bank,
Koenigstein, and Giryes 2023). The full sparsity loss is given
by a weighted sum of the ℓ1 and KL components, with co-
efficients λ1 and λ2. Unlike prior work on LLMs, we omit
Top K sparsity, which has been observed to lead to unstable
dynamics and inactive neurons (Templeton et al. 2024).

Training Procedure
We train the SAE post hoc, keeping the base recommender
fixed (θu, θi, θg frozen). At each step, user–item pairs are
sampled and the total loss Ltotal is computed by passing re-
constructed embeddings through the frozen model. Crucially,
gradients from Lpred are backpropagated through the frozen
recommender, enabling the SAE to align its latent repre-
sentation with the recommender’s behavioral outputs. This

mechanism is illustrated in Figure 1, which shows how the
prediction loss induces a gradient path through the recom-
mender’s scoring function g(·).

Results
Experimental Setup
We conduct experiments using two representative recom-
mender models, Matrix Factorization (MF) (Koren, Bell, and
Volinsky 2009) and Neural Collaborative Filtering (NCF) (He
et al. 2017), on two diverse datasets: MovieLens 1M
(ML1M) (Harper and Konstan 2015) and Last.FM (Bertin-
Mahieux et al. 2011). These domains differ in content type
(movies vs. music), density, and the semantic coherence of
item space. In ML1M, we binarize ratings by treating all user-
rated items as implicit positive feedback. In Last.FM, where
interactions are inherently implicit, we aggregate user–track
events at the artist level to enable more meaningful neuron
interpretation.

Recommendation Models. Both MF and NCF use user
and item embeddings of dimensionality d, with d = 20 for
ML1M and d = 100 for Last.FM. MF computes affinity via
inner product, while NCF applies a two-layer MLP (with 64,
32 and 16 hidden units) followed by a sigmoid activation.
When training the recommenders on implicit feedback, posi-
tive user–item interactions are trained jointly with negative
samples, dynamically drawn per epoch with probability pro-
portional to item popularity, following established implicit
feedback practices (Hu, Koren, and Volinsky 2008; Paquet
and Koenigstein 2013; Rendle 2021).

We formed the test set by holding out, for each user, five
positive items, using all remaining interactions for training. A
validation subset was carved from the training set to monitor
Mean Percentile Rank (MPR) for hyperparameter tuning
and early stopping. The recommenders were trained using
binary cross-entropy loss and optimized with Adam (Kinga,
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(a) Children (NCF, ML1M) (b) Horror (NCF, ML1M)

(c) Sci-Fi (MF, ML1M) (d) 90s Comedy (MF, ML1M)

(e) Electronic/Dance (MF, Last.FM)

Figure 2: Representative monosemantic neurons extracted from our SAE bottleneck. Top row: Mean activation of all neurons for
items from two genres (Children, Horror), revealing sharp peaks at genre-aligned units. Middle row: Mean activation of two
genre-selective neurons (Sci-Fi, Comedy) across items from various genres, showing strong intra-neuron selectivity. Bottom row:
Tag distribution among the top-50 activating artists for a neuron in the Last.FM dataset, highlighting alignment with electronic
music (e.g., dance, house, techno). Together, these examples illustrate the emergence of interpretable, concept-specific neurons
across domains.
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Figure 3: Temporal specialization of four NCF neurons. Each
plot shows the decade-wise distribution of top-activating
movies, revealing sharp alignment with stylistic eras, e.g.,
1990s Thrillers, 1980s Comedies, and Golden Age films).

Adam et al. 2015). We used the following hyper-parameters:
ML1M: learning rate 0.05, batch size 256, trained for 10
epochs. For Last.FM: learning rate 0.05, batch size 8, trained
for 30 epochs.

Sparse Autoencoder. For each model–dataset pair, we train
a separate SAE consisting of a linear encoder with ReLU
activation, a sparse bottleneck of m neurons, and a tied
linear decoder (Vincent et al. 2008). We use m = 22 for
ML1M, which allows for compact representations aligned
with discrete genres and ratings. For Last.FM, where musical
preferences are more diverse and less neatly clustered, we
adopt a larger bottleneck of m = 70 to better accommodate
the higher conceptual complexity. We used the Adam op-
timizer (Kinga, Adam et al. 2015). Hyperparameters were
tuned following Pach et al. (2025) by maximizing a monose-
manticity score based on the weighted pairwise similarity
among each neuron’s top thirty activating items. The full
set of final hyperparameters for all models and datasets is
provided in our public repository.

Neuron Identification Protocol. To assess interpretability,
we employed an automatic labeling pipeline using GPT-4.5.
For each latent neuron in z, we extracted the top-activating
items to the model, prompting it to evaluate semantic coher-
ence. When a consistent theme emerged, GPT-4.5 assigned a
concise label (e.g., Comedy, Electronic, 1990s Action). This
procedure was repeated independently across models and
datasets, enabling scalable, high-level interpretation without
manual annotation.

Qualitative Analysis
We qualitatively analyze the monosemantic neurons learned
by our SAE and show that they capture coherent semantic
concepts, such as genres, popularity, and stylistic eras, di-
rectly from user-item embeddings without requiring external
supervision or metadata.

Genre-Aligned Neuron Identification. Figure 2 (top row)
shows mean z activations from the SAE trained on NCF

embeddings (ML1M) for items labeled as Children and Hor-
ror. For each genre, we plot the average activation for items
belonging to this genre across all neurons (brown bars), along-
side the mean activation over the entire item catalog (blue
line). In both cases, a single neuron exhibits a sharp peak,
strongly activating for the target genre while others remain
near baseline, demonstrating robust monosemantic alignment
with semantic categories.

Genre Selectivity Within Neurons. Figure 2 (middle row)
shows the activation profiles of two MF neurons aligned
with Sci-Fi and Comedy. For each neuron, we compute the
mean activation across items (movies) of different genres. In
both cases, a sharp peak emerges for the neuron’s associated
genre, while activations for other genres remain near baseline.
This illustrates strong intra-neuron selectivity, where a single
latent unit reliably distinguishes its semantic target from
unrelated content.

Figure 2 (bottom) presents a representative neuron from
MF embeddings on the Last.FM dataset. The top-50 most
activating artists are annotated with tags prominently associ-
ated with electronic music such as dance, house, and techno.
Despite the greater noise and stylistic diversity in music data,
the neuron exhibits strong alignment with electronic music
subgenres, demonstrating monosemanticity extraction even
in more complex domains.

Popularity Bias and Temporal Trends. Our SAE reveals
latent dimensions that capture broader behavioral signals
beyond genre. In both datasets, we identify a “popularity
neuron” that activates consistently for highly popular items
at the head of the long-tail distribution, indicating sensitivity
to mainstream appeal. This aligns with well-established pop-
ularity bias in recommender systems (Klimashevskaia et al.
2024; Zhu et al. 2021). Quantitative results ofr this example
are discussed below (Table 1).

Figure 3 further highlights neurons that align with specific
cinematic periods. Each neuron activates for movies concen-
trated in a distinct era (e.g., 1990s Action, 1980s Comedies,
or pre-1970 classics), demonstrating that temporal and stylis-
tic patterns can also be disentangled directly from user-item
behavior.

Takeaway. These results demonstrate that monosemantic
neurons emerge naturally from recommender embeddings,
encoding genre, style, popularity, and temporal alignment,
without requiring supervision or metadata. Such neurons sup-
port interpretable, controllable systems, and open the door
to fine-grained user modeling and content auditing in recom-
mendation.

Quantitative Analysis
We now assess monosemanticity quantitatively, leveraging
genre annotations from MovieLens (ML1M) and Last.FM to
evaluate the semantic precision and fidelity of the extracted
neurons. We quantify this precision using a simple semantic
purity measure, defined as the percentage of items within the
top K activating items that match the neuron’s assigned label.
All purity values are computed using the metadata provided
in each dataset.
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Movies (ML1M)
Concept MF NCF
S K=10 K=20 K=50 K=10 K=20 K=50

Children’s 0.90 0.90 0.88 1.00 1.00 0.98
Drama 1.00 1.00 0.98 0.80 0.70 0.65
Action 0.90 0.65 0.60 – – –
Adventure 0.80 0.80 0.70 – – –
Animation 0.40 0.38 0.48 1.00 0.95 0.76
Comedy 1.00 1.00 1.00 0.90 0.75 0.66
Horror 1.00 1.00 1.00 0.90 0.95 0.96
Romance 1.00 0.85 0.74 0.90 0.85 0.72
Sci-Fi 1.00 1.00 1.00 0.70 0.75 0.64
Thriller 0.80 0.90 0.80 0.80 0.80 0.62
Crime 0.80 0.75 0.52 0.50 0.45 0.48
Golden-Age 1.00 1.00 0.98 0.80 0.80 0.80
90’s Drama 0.90 0.85 0.76 1.00 0.95 0.86
90’s Comedy 1.00 0.95 0.78 1.00 1.00 0.92
90’s Action 1.00 1.00 0.94 1.00 1.00 0.98
80’s Comedy – – – 1.00 0.95 0.86

Popularity 4.35% 6.30% 6.34% 1.04% 3.20% 3.73%

Music (Last.FM)
Concept MF NCF

K=10 K=20 K=50 K=10 K=20 K=50

Electronic 1.00 0.90 0.82 1.00 1.00 0.76
Metal 1.00 1.00 0.92 1.00 0.95 0.82
Folk 0.90 0.85 0.68 1.00 0.95 0.76
Trance 1.00 0.95 0.72 – – –
Country 1.00 0.90 0.56 1.00 0.75 0.40
Hardcore 0.95 0.95 0.96 0.90 0.85 0.68
Reggae 1.00 0.90 0.60 – – –
Pop 0.80 0.70 0.68 0.90 0.90 0.70
Rock 1.00 0.95 0.92 1.00 0.80 0.78
Emo – – – 0.95 0.85 0.64

Popularity 2.49% 3.80% 5.49% 0.46% 0.74% 4.40%

Table 1: Semantic purity (%) of concept-aligned neurons in
MF and NCF models on MovieLens (ML1M) and Last.FM.
Entries show the fraction of top-K activating items (K =
10, 20, 50) matching the neuron’s concept. Dashes indicate
no neuron was found to match the concept. The final row for
each dataset reports the average popularity percentile for a
“popularity” neuron.

Semantic Alignment of Neurons. Table 1 reports the se-
mantic purity of monosemantic neurons extracted from MF
and NCF models on MovieLens (ML1M) and Last.FM. For
each neuron, we compute the fraction of top-K activating
items (K = 10, 20, 50) that match a target concept such as a
movie genre or music style. This evaluates how consistently
each latent unit aligns with its category.

Despite fully unsupervised training, high-purity neurons
emerge consistently across domains. Purity naturally declines
with increasing K, yet many neurons maintain strong align-
ment. For example, Comedy and Horror in MF achieve 100%
purity across all values of K, and music concepts such as
Country, Reggae, and Metal also show near-perfect align-
ment.

Some neurons exhibit reduced purity at higher K, often
due to labeling noise, genre ambiguity, or missing annota-
tions. For instance, the Crime movies neuron in NCF is acti-

vated by thematically consistent but unlabeled titles. Similar
challenges arise in music, where cross-genre artists or main-
stream hits may blur concept boundaries.

The final row in each dataset reports the “popularity neu-
ron” discussed earlier, presenting the average popularity per-
centile of the top-K activating items. Across all K values,
the percentiles remain consistently high, indicating that these
neurons capture a strong affinity for widely consumed content.
In ML1M, the neuron consistently ranks blockbuster titles
near the top of the long-tail distribution, while in Last.FM
it activates for hit singles and highly streamed artists. Un-
like genre- or style-based neurons, this dimension reflects
behavioral appeal rather than semantic coherence.

Overall, these results demonstrate the emergence of se-
mantically meaningful neurons across domains, validating
the potential of our approach for unsupervised concept dis-
covery in recommender systems.

Ablation and Fidelity Trade-Offs Figure 4 presents abla-
tion results on the MovieLens dataset for both the MF and
NCF recommenders. The figure shows how increasing the
weight β of our prediction level loss (Equation 8) improves
recommendation fidelity, measured via Rank Biased Overlap
(RBO) and Kendall Tau correlation between the original and
reconstructed top thirty lists. As expected, higher β yields
stronger alignment with the original model. Importantly, β=0
serves as an ablation baseline, revealing that omitting Lpred
leads to poor fidelity. However, fidelity gains taper off at large
β values while bottleneck sparsity, and therefore interpretabil-
ity, declines. The rightmost panel tracks the monosemanticity
score (Pach et al. 2025), which reaches its maximum at inter-
mediate β values. These results highlight the need to balance
predictive faithfulness with semantic clarity.

Beyond Interpretability: Practical Use Cases
Our method enables more than interpretability: it allows
targeted interventions in the recommendation pipeline via
neuron-level edits in latent space. These interventions, en-
abled by our prediction-aware loss, can modify model behav-
ior post-hoc (without retraining) by adjusting neuron activa-
tions to promote, suppress, or diversify recommendations.

Targeted Item Promotion. As a central example, we
demonstrate how to expose niche audiences to selected items
via direct intervention in item representations. Using an MF
recommender trained on the Last.FM dataset, Figure 5 shows
that by increasing the activation of a specific neuron in Bob
Dylan’s latent vector z, we can promote him to users who
primarily listen to Metal, Contemporary Pop, and Electronic
music. Despite no prior affinity, Dylan is ranked increasingly
higher in these users’ top thirty recommendations. This il-
lustrates a lightweight, behaviorally grounded strategy for
personalized content promotion that bypasses retraining or
reliance on global popularity signals.

Additional Interventions. Additional examples on the
ML1M dataset further illustrate this capability. For instance,
we show how nudging under eighteen users toward Children’s
content and suppressing Horror content for sensitive users
can be achieved by adjusting the corresponding neurons. We
also demonstrate how a non aligned movie (Speed) can be
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Figure 4: Effect of the prediction-aware loss Lpred on recommendation fidelity and interpretability. Left and center: Rank-Biased
Overlap (RBO) and Kendall-Tau correlation between the original and reconstructed top-30 recommendation lists improve with
increasing weight β. Right: Monosemanticity score (Pach et al. 2025) peaks at intermediate values, highlighting a trade-off
between fidelity and sparsity. Notably, β=0 corresponds to an ablation without Lpred, underscoring its importance for alignment.

Figure 5: Targeted item promotion in Last.FM via neuron-
level intervention. By increasing the activation of a genre-
aligned neuron in Bob Dylan’s embedding vector z (x-axis),
the artist becomes relevant to users who prefer Metal, Con-
temporary Pop, and Electronic music, appearing in their top-
30 recommendations despite no prior affinity.

promoted to audience segments with unrelated preferences.
Complete results and visualizations are available in our public
repository.

Takeaway. Monosemantic neurons provide actionable han-
dles for post hoc control over recommender behavior. They
enable precise, interpretable interventions aligned with user
or item semantics, supporting applications in fairness, dis-
covery, exposure-driven personalization, and content gover-
nance.
Hierarchical Structure with Matryoshka
To examine whether structured bottlenecks enhance inter-
pretability, we integrated Matryoshka Sparse Autoencoders
(SAEs) (Bussmann et al. 2025) into our framework. These
models train nested dictionaries of increasing size, encour-
aging early neurons to capture broad features and later ones
to specialize. We used a four-level hierarchy, with each level
comprising one-quarter of the bottleneck neurons.

In MovieLens (ML1M), this structure had limited impact,
likely due to modest genre diversity and a flat semantic
space. In contrast, Last.FM revealed an interesting hierarchy:
early neurons activated for broad audiences (e.g., mainstream
electronic or metal listeners), while later neurons captured

narrower micro-genres (e.g., Nordic melodic death metal,
early-2010s dream pop) and hybrid scenes (e.g., jazz-lounge
electronica). Unlike LLMs, where early neurons encode gen-
eral semantic categories, recommender hierarchies reflect
both semantic granularity and audience scale. Popular tastes
emerge earlier, while niche preferences appear deeper, an
effect likely driven by our prediction-aware loss, which op-
timizes for real user-item preferences. Though not our core
focus, these findings show that Matryoshka SAEs may po-
tentially reveal layered audience structure, supporting more
controllable and personalized mechanistic interventions.

Conclusion

We introduced a Sparse Autoencoder framework that ex-
tracts monosemantic neurons, interpreted as latent dimen-
sions aligned with coherent and meaningful concepts within
recommender embeddings. A central idea in our approach
is a prediction aware reconstruction objective that preserves
the user–item interaction patterns underlying recommenda-
tion behavior. Across two common recommender models and
two datasets, these neurons consistently capture high level
properties such as genres, popularity, and temporal trends,
all discovered without supervision. While our primary focus
is concept extraction, we also present preliminary neuron
level interventions that lightly adjust recommendations, indi-
cating promising directions for future controllability. More
broadly, uncovering semantically grounded latent factors may
help enable faithful explainability methods for recommender
systems (Baklanov et al. 2025; Koenigstein 2025). As recom-
menders continue to shape information access and cultural
exposure, developing methods that enhance transparency, in-
terpretability, and accountability is increasingly important.
We hope this work contributes to that direction by offering
a foundation for more semantically aligned and trustworthy
recommender technologies.
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