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Abstract

Sparse autoencoders (SAEs) have recently emerged as powerful tools for introspection in large language models.
SAEs can uncover interpretable features at different levels of granularity and enable targeted steering of the
generation process by selectively activating specific neurons in their latent activations.

In this work, we introduce PURL, a pipeline for SAE application in collaborative autoencoders (CFAEs), a
widely adopted class of recommendation algorithms, which aims to extract similarly interpretable features from
representations learned purely from interactional data. In extensive experiments, we first demonstrate that
SAE-based reconstruction can preserve most of the downstream recommendation accuracy while also exposing
previously unrecognized failure modes in some recommendation architectures. We further demonstrate that many
learned SAE neurons correspond to semantically meaningful concepts, even without any metadata supervision.
Leveraging these neurons as interpretable “control levers”, we show that recommendations can be steered toward
desired segments in a controlled manner, supported by quantitative evaluation and qualitative analysis. Finally, we
provide an interactive demo showcasing the proposed steering pipeline at https://steerable-collaborative-filtering.
streamlit.app/.
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1. Introduction

Collaborative-filtering (CF) techniques have been dominating the recommender systems’ research
since the late 1990s, following their success on early benchmarks such as the MovieLens dataset [1] and
the Netflix Prize competition [2]. While the dawn of deep learning partially shifted the focus towards
approaches incorporating multiple input modalities [3] or sequential processing [4], pure CF techniques
remain fundamental, especially for the initial stages of the recommendation pipeline, i.e., candidate
retrieval.

Among the plethora of CF algorithms, collaborative autoencoders (CFAEs) [5, 6, 7, 8, 9] belong to
the most widely used approaches for this task. CFAEs are recommendation methods designed to encode
sparse user—item interaction data into a dense, lower-dimensional latent space and then reconstruct
it, enabling the extraction of information crucial for matching users with items. By focusing on the
most relevant features of user behavior and item characteristics during reconstruction, these models
reveal latent patterns and hidden relationships that are not immediately apparent in the raw data.
This versatility, combined with strong recommendation performance, has made them a popular choice
among researchers and practitioners for addressing challenges such as data sparsity and noise [10, 11],
making these models a surging trend in the recommendation industry [7, 12, 13, 14].

However, despite their flexibility and robust performance, understanding the underlying mechanisms
and characteristics hidden in the latent structure of CFAEs remains a very challenging task [15, 16, 17].
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CFAE Recommendations + SAE Steering
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Figure 1: Overview of the PURL approach. A sparse autoencoder (SAE) is applied to dense user embeddings
inside collaborative filtering autoencoders (CFAEs), disentangling them into a set of interpretable features. These
features receive labels based on their activation patterns and are provided to the users or editors as levers of
a “control panel”. By Pulling the Right Levers, i.e., selectively amplifying activations of particular neurons,
recommendations can be steered toward context- or intent-specific preferences.

The abstract encoder-decoder mechanism not only results in opaque model behavior, making it difficult
to track how recommendations are derived, but also limits the capacity of different agents (e.g., users,
editors, providers) to influence or steer the recommendation process. This lack of transparency is
inherent to other CF techniques based on latent representations, and poses significant challenges
when diagnosing issues, fine-tuning performance, ensuring fairness, adhering to ethical standards, or
granting control over recommendation outcomes [18]. Even shallow architectures, which might appear
straightforward at first glance, can exhibit unexpected behavior in real-world situations [19].

The problem of understandability and interpretability of models’ internal mechanisms is not limited to
CF, but rather inherent to many machine learning application areas. For instance, notable improvements
have been recently made in the field of large language models (LLMs), using a different type of
autoencoders - a sparse autoencoder (SAE).

In particular, SAEs are used to identify highly interpretable, monosemantic features (i.e., a dictionary
of concepts)! in the residual streams of language models [20, 21, 22, 23, 24]. This approach is remarkable
for its elegance: SAEs are shallow neural networks trained in a self-supervised manner to reconstruct
activation vectors at a given network location under sparsity-inducing constraints. These constraints
encourage each activation to be represented using only a small number of latent features, forcing
the model to disentangle their meanings. Owing to this architectural simplicity, SAEs are highly
approachable in practice. In this research, we investigate the possibility of using SAEs as a reliable
interface for interpreting and steering the outputs of collaborative filtering algorithms, specifically
CFAEs. We illustrate this approach in Figure 1. On the left, a standard CFAE encodes a user’s (sparse)
interaction vector into a dense latent embedding, which is then decoded, producing recommendation
scores for all candidate items and generating Top-N recommendations. This process alone offers limited
options for external influence, apart from modifying the input interaction vector directly. Therefore, as
shown on the right of Figure 1, we propose inserting an SAE between the CFAE’s encoder and decoder.
This SAE “hook” maps the dense latent user representation to a higher-dimensional, sparsely activated
user code - effectively exposing a control panel of interpretable levers (neurons), each corresponding to
a distinct concept. For example, a neuron may be associated with love stories (depicted as a red heart),
or David Lynch (blue diamond). > To steer the recommendations, we may suppress or amplify one or

"We understand the term concept as a latent yet meaningful property of an item.
“Interestingly, our experiments (Section 4.3) show that meaningful neuron-concept correspondence emerges through self-
supervised SAE training on purely interaction-based data - that is, even without access to item metadata.



more levers (e.g., boosting the love story neuron in a date night context). The modified sparse code then
passes through the SAE decoder and subsequently the CFAE decoder to generate recommendations
steered toward the desired theme while maintaining original user preferences as much as possible. By
exposing and manipulating these monosemantic controls, our method enables fine-grained, human-
understandable steering of recommendations. Moreover, different agents can initiate these semantic
boosts: for example, (1) a user might increase the love story lever for a romantic evening via a graphical
interface, while (2) an editor could selectively boost the David Lynch lever (even if it was not part of
the user’s original interests) to craft personalized curated recommendations for special occasions such
as sales or aniversaries. Ultimately, our approach provides a key interface for seamless, personalized
control over recommendations through semantic-level interventions rather than manual item selection.

Although previous work has addressed the steering of general recommendation models [25, 26, 27]
as well as interpretability of CFAE-like models [28, 19, 29, 30, 31, 32], none of these approaches has
applied SAEs to generate interpretable user embeddings while simultaneously steering recommendations.
Moreover, no previous study has investigated the nuanced characteristics of user—item interaction
reconstruction quality in CFAEs, nor has any work systematically examined the sparse dictionary
of SAEs in relation to fine-grained structured metadata for recommender systems. To address these
research gaps, our main contributions are twofold:

« We propose PURL (Pulling the Right Levers), a modular pipeline for steerable collaborative
filtering autoencoders. PURL augments a trained CFAE with a sparse autoencoder to learn
disentangled user representations, automatically associates latent neurons with semantic concepts,
and finally discloses the resulting “control panel” for steering purposes.

« We provide the first comprehensive empirical study of SAE-based steering in collaborative
autoencoders. Across multiple CFAE architectures, datasets, and SAE variants, we show when
sparse reconstruction preserves recommendation quality, identify previously unrecognized failure
modes of certain architectures, demonstrate that meaningful semantic concepts emerge without
metadata supervision, and confirm that these concepts enable effective recommendation steering
through both quantitative and qualitative evaluation. Finally, an interactive demonstration of the
complete pipeline (https://steerable-collaborative-filtering.streamlit.app/) is released to facilitate
inspection and future research.

1.1. Background and Notations

For a set of users # = {1,2,...,m} and a set of items ¥ = {1,2,...,n}, let X € {0, 1}"*" be a partially-
observed matrix of binary interactions (e.g., clicks, purchases), where the rows represent users and the
columns represent items, i.e. x;; denotes the presence or absence of an interaction between user-i and
item-j. Typically, the matrix X is very sparse, meaning only a small fraction of user—item interactions
have been observed. Moreover, let x; € {0, 1} denote the i-th row vector of the matrix X. Using this
notation, the goal of a recommender system based on collaborative filtering is to learn a function
fo : U x F — R (parametrized by ) that predicts a relevance score r(u,i) = fy(u,i, X) for user u € %
and item i € .# using the interaction matrix X.

The main aim of our approach is to realize user control over recommender systems by letting users
steer recommendations towards more desirable results. Let & C .7 be a segment of items that share
a common semantic concept,” formally represented by an inclusion function g(i, &), where 0 denote
item i does not belong to the segment and 1 denote a perfect membership. Then, we can define steering
toward a target segment & as a controlled transformation of the user—item relevance function fy such
that the predicted relevance is adjusted to favor items from the target segment § while maintaining
consistency with the original user preference model. Formally, steering induces a new relevance
estimator fy ¢ ,(u,i) = d)( fo(u, i), g, ), 0{), where g(i, §') quantifies the relevance alignment of item i

*E.g., movies labeled with a particular tag, or sharing a similar plot twist.
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to the segment &, and ®(-) is a steering operator which combines the base relevance and the steering
alignment, controlled by intensity parameter .

Our methodology employs an autoencoder architecture. A core optimization problem for an autoen-
coder can be defined as

%lgzl gm;f(xi, O'(xl-)) with o(x) = (@ ° %)(x),

where & and 9 denote, respectively, the encoder and decoder functions, f o g denotes the composition
of functions fand g, and £(x, y) is a reconstruction loss that measures the discrepancy between vectors
x and y. Since we embed SAE within the CFAE in the proposed pipeline, the nested architecture can be
described as

Gc,s(x) = (@c ° 93 ° %s ° gc)(x)a (1)

where &, and I, represent encoder and decoder of the “outer” CFAE, while &, and I represent the
“inner” SAE.

2. Related Work

Collaborative Autoencoders. Together with two-tower models [33], neighborhood-based ap-
proaches [34], and graph neural networks [35], CFAEs are among the most popular choices in production
recommender systems. CFAEs are especially valued for the initial retrieval phase of the recommenda-
tion generation due to their efficient representation learning under sparse implicit feedback and high
scalability [36]. In our work, we focus on two popular and complementary classes of CFAEs: linear and
variational.

Linear autoencoders [6, 7, 29, 14, 37] are shallow models favored for their straightforward, easy-to-
implement, and generally scalable design. While the most popular representative of this class is probably
the EASE algorithm [7], its O(n*) model size and fused encoder and decoder limit its applicability in
our scenarios. Therefore, instead of EASE, we used its low-rank approximation, ELSA [29], which
effectively mitigates both issues while retaining highly competitive performance.

Variational autoencoders (VAE) [8, 9, 38, 39] belong to a family of deep, generative models and are
known for their ability to model complex data distributions through probabilistic latent representa-
tions, offering enhanced flexibility and expressiveness compared to linear models. Unlike classical
autoencoders that project inputs to a single point in the bottleneck latent space, VAE representations
z; = &4(x;) are transformed via a function to produce a probability 7(y) distribution over the items,
from which the click history x; is assumed to have been generated. In this study, we experimented with
MultVAE [8], one of the best-known VAE representatives.

Sparse Autoencoders. Sparse autoencoders (SAEs) [21, 40] are neural network architectures trained
to reconstruct their input while promoting sparsity in high-dimensional* latent activations. Unlike
traditional autoencoders, which compress input into a lower-dimensional bottleneck layer, SAEs map
their input to a more expressive latent space but constrain the activations by allowing only a few
nonzero entries. There are several ways to impose such an objective, e.g., by regularizing the size of the
learned latent representation [21], or by imposing a rigid constraint on the number of active latents
(using, e.g., Top-k [40] or batch Top-k [41] activation functions). The resulting representations often
tend to be more interpretable, with individual neurons representing distinct, monosemantic concepts.
Promisingly, recent works have demonstrated the effectiveness of SAEs in disentangling representations
from highly expressive models, including state-of-the-art LLMs [23, 24].

Control and Transparency in Recommender Systems. While the prevalent recommendation
paradigm is to supply users with recommendations directly with no user intervention, numerous
works suggest that users benefit (e.g., through better recommendation acceptance) when they have

*The hidden layer dimension is often several times higher than the input dimension.



some degree of control over the system [42, 25, 26, 27, 43, 44, 45]. For example, Parra and Brusilovsky
[44] proposed an interactive interface that allowed users to specify weights for fusing individual
recommending methods. Liang and Willemsen [45] let users control the trade-off between personalized
and representative music recommendations while exploring a new genre. Similarly, Millecamp et al.
[46] developed a UI for adjusting parameters like danceability for music recommenders. Nevertheless,
these approaches relied on post-processing to incorporate user control, while our proposal is capable
of addressing it within the model itself. Closer to our work is the TEASER model proposed by De
Pauw et al. [47]. TEASER is a hybrid interactive recommendation model based on EDLAE [37], a linear
CFAE similar to one of our backbones. Nevertheless, TEASER directly represents items through their
metadata, essentially using a fixed content-based decoder, while only learning the encoder network. As
such, the metadata-neuron mappings are hardcoded and can be directly used as “control levers”. On the
other hand, such a rigid item representation may result in lower recommendation accuracy. In contrast,
our “control levers” emerge organically within an SAE embedded into a CFAE and reflect solely the
properties implicitly available in the interaction data alone; we use metadata merely to label the neurons.
As such, PURL may deliver better recommendation accuracy with sufficient user control over existing
metadata, while also allowing steering towards concepts revealed only in interactional data. While user
control over recommendations has already received notable attention, editorial control is also critically
important in industry settings, despite being less explored to date [48, 49]. Existing approaches typically
rely on simple item-level boosting or intervene during post-processing of recommendations [50, 49],
which limits the flexibility of intervention due to dependence on the initial item rankings. Instead, PURL
paves the way for fine-grained in-process intervention already at the candidate generation stage.

Finally, within the realm of interpretable recommender systems [51], PURL qualifies as a hybrid
approach, combining interaction data with item metadata to provide interpretable insights. Crucially,
unlike most existing methods that focus on post hoc recommendation justifications [52, 53, 54, 55, 56, 57],
our technique, similarly to [28, 58], enables inspection of the model’s internal mechanics and thus
contributes to the recommendation transparency as well.

Using SAEs in CF techniques. We are not aware of any directly related approaches aiming to use
SAEs to enable steering of CFAE-based recommendations. While some proposals for using metadata for
CFAE interpretation exist [47], none have used SAEs for that purpose. Another line of work uses SAEs
to enforce some high-level objectives of recommender systems, such as popularity debiasing [59] or
calibration [60]. Nevertheless, they did not delve into finer-grained neuron labeling needed for broad-
purpose user or editorial steering. In fact, to the best of our knowledge, Wang et al. [58] and Klenitskiy
et al. [61] are the closest works that use SAEs to interpret the recommendation models. Nevertheless,
they focused on a different recommendation task (sequential recommendation) and evaluated their
approach on transformer-based architectures such as SASRec [4], which are highly similar to those
typically studied in prior SAE works. Moreover, although Wang et al. [58] briefly mention the possibility
of recommendation steering, this aspect is not systematically explored or evaluated, whereas Klenitskiy
et al. only focused on coarse-grained genre data. In contrast, our work focuses on establishing the
foundations for fine-grained recommendation steering by using SAEs within CFAEs. We demonstrate
that not all CFAE architectures are equally robust to sparse reconstruction and that the choice of
reconstruction loss and a particular steering mechanism can have both positive and detrimental effects,
depending on the selected backbone recommender. This corrects the over-optimistic conclusions about
SAF incorporation into arbitrary recommender architectures [58].

3. Methodology

To enable the steering of CFAE-based recommenders, we propose a four-stage pipelined approach
denoted as PURL (Pulling the Right Levers). PURL works as follows: First, the CFAE model is trained as
usual. Then, we nest an “SAE hook” to reconstruct dense CFAE embeddings using a wider, yet sparsely
activated, layer. Next, we create a mapping between available semantic concepts and individual neurons
on the SAE’s hidden layer. Finally, the labeled neurons are supplied as a “control board” to interested



parties, enabling targeted in-process steering of recommendations by adjusting the neurons’ activation
patterns.

Note that, in principle, each stage is independent of the composition of the others. This makes PURL
highly modular, where individual variants of each stage can be deployed in a plug-and-play fashion.
Therefore, in this foundational work, we intentionally focused on evaluating relatively simple variants
for each stage, thereby providing a straightforward, scalable, highly reproducible, yet competitive
baseline for future research.

3.1. Network Architecture

The network architecture overview is depicted in Figure 1. In particular, we propose a nested autoencoder
architecture, where a CFAE serves as the outer layer, while an SAE serves as the inner layer. The
resulting network can be seen as a function o, ((x) = (2,0 Do &~ &,)(x), where x represent a vector of
user’s interactions. Naturally, while in general &, : R" — R and &, : R? — RY, we implicitly assume
p = r when we nest an SAE within a CFAE.

CFAEs. As representatives for the CFAE, we selected well-known ELSA [29] and MultVAE [8]
algorithms. In the case of ELSA, which optimizes miny | X — X(AAT —1 )||12u s.t.  |allz = 1, we consider
its first step as the encoder, i.e., €,(x) = Alx, while the remainder as decoder, i.e., (2,  €)(x) =
A& (x) — x. For MultVAE, the embeddings are taken from the mean head of the encoder network.

SAEs. As representatives for SAE, we experimented with a basic ReLU SAE [21] (which, for the sake
of clarity, we refer to as Basic SAE) and a k-sparse autoencoder, TopK SAE [40].

For an input vector y; € R?, Basic SAE constructs d-dimensional ReLU SAE encoder &, and decoder
D as:

&) = ReLU(Wg, (3 — bg,) + b,) and (2)
2(&(1) = Wo, () + by, (3)

with learnable parameters Wg_ € R, bg, € RY, Wo, € RP*4 and by, € R?. During both training and
inference, input vectors are standardized before being passed through the SAE and de-standardized on
the output.

TopK SAE differs from the Basic SAE only in the encoder, which is defined as &(y;) = TopK(WgS(yi -
b,), k), where TopK(z, k) is an activation function that zeros out all but the k largest positive values of
vector z. Following [23], we include a ReLU activation before applying the TopK function, forcing all
activations to be non-negative. To align the two architectures, we incorporate an encoder bias term
(similar to Basic SAE), resulting in:

&(y) = TopK(ReLU(WgS(y,- —bg) +bg), k). (4)

This formulation makes the model equivalent to Basic SAE, with the only difference being the addition
of the TopK activation.
Both SAE variants are optimized w.r.t. the following loss:

m m
min 3600 = Y. Iy~ (2= )00 + MEGIL. ©)
95 i=1 i=1

where Ais an L;-norm regularization hyperparameter. Note that while A serves as the primary controlling
parameter for sparsity in Basic SAE, in TopK SAE it mainly prevents large spikes in activations and
plays only a secondary role in enforcing sparsity. For the sake of simplicity, and because the SAEs we
train are not very wide, we do not incorporate auxiliary losses, as described in [23].

3.2. Concept-Neuron Mapping

The next step in the PURL pipeline is to map the activation of individual neurons in the sparse layer
to semantically meaningful concepts and to analyze the quality of this mapping. In other words, we



need to identify what “levers” emerged from our model. This requires evidence of a reasonably narrow
mapping between concepts and neurons in both directions.

To label the “levers”, we employ a simple yet effective method that uses the available item metadata,
e.g., user-created or curated textual tags as collected for the ML-25M and MSD datasets. Let I denote
the set of all such tags. We first estimate the joint tag-item distribution, p(t € 7 ,i € .¥), by normalizing
the sparse tag assignment count matrix.” Next, to link SAE neurons with entities in the data, we
compute sparse representations for every item by passing its one-hot encoding through the encoder
part of the network, i.e.,, z; =( & &,)(onehot(i)). Multiplying the empirical tag-item distribution matrix
by the item-neuron sparse activations produces a tag—activation matrix ./ : R4 where d is the
dimensionality of the SAEs’ hidden layer.

From the . matrix, we derive TF-IDF scores in two orientations: M;_,,, treats tags as terms and
neurons as documents, while M,_,; treats neurons as terms and tags as documents. Note that this
duality carries important semantical nuances. In particular, argmax, M,_,, identifies, for each tag, the
neuron whose firing is most unique to that tag, while argmax,M;_,, selects, for each neuron, the tag
that best characterizes its overall activity. Conversely, argmax,M,,_,; finds, for each neuron, the tag
that elicits its most distinctive response, and argmax, M, _,; finds, for each tag, the neuron that most
representatively encodes it.

3.3. Recommendation Steering

Finally, the established concept-neuron mappings can be made available to interested parties as labeled
“levers” to steer the recommendations to a desired segment of the catalog.

To realize the steering towards a segment & in the nested autoencoder architecture, we start with a
sparse vector z, = (&;° &,)(x,), representing a user x, and a specific neuron j that best correspond to the
desired segment based on the concept-neuron mapping. To achieve comparability, we first normalize z,
to unit sum, obtaining z,,, and then construct a steered representation by a convex combination of the
original profile and the targeted concept emphasis: zo = (1 — &) x Z, + & x onehot(j) for & € [0, 1]. The
steered representation zg is then passed through the network’s decoder to obtain recommendations.

Finally, note that SAE’s sparse layer dimension is typically larger than the number of tags, and the
interactional data may capture finer concepts than those explicitly stated in the metadata. As such, it is
safe to assume that multiple neurons may reflect the target segment §. To adhere to that, instead of
onehot(j), we can use a (possibly weighted) list of several best neurons as the steering vector.

4. Experiments

We systematically evaluated all stages of the PURL pipeline. First, we investigate the robustness of CFAE
latent representations to disentanglement and sparse reconstruction, analyze the behavior of different
SAEs, and explore the attainable trade-off between the sparsity and downstream recommendation
quality. Second, we study the “levers” emerging during self-supervised, interaction-only training and
evaluate the quality of mapping to concepts available from metadata. Finally, we demonstrate how the

discovered concept-neuron mapping can be leveraged to steer recommendation outcomes.’

4.1. Preliminaries

Datasets. We conduct experiments on two well-known recommendation datasets, namely MovieLens
25M (ML-25M) [1] and Million Song Dataset (MSD) [62], and follow the same pre-processing steps as
described in [8]. For ML-25M, we first binarized the ratings by treating r,,; > 4 as positive interactions
(with a value of 1) and discarding the rest. We then remove users with fewer than 5 interactions. For
MSD, we binarize play counts and consider them as implicit feedback. Next, we remove items with

*In different contexts, one may utilize any other prior information specifying how relevant a particular tag is for an item.
The source codes, reproduction instructions, additional results, and a live demo are available at https://github.com/matospiso/
Disentangling-user-embeddings-using-SAE/.
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Table 1

Accuracy of ELSA and MultVAE on ML-25M and MSD datasets. d denotes the dimension of the bottleneck layer.

Dataset  Model d Recall@20 nDCG@20
ELSA 512 0.390 £ 0.002 0.353 = 0.002
ELSA 1024 0.396 +0.002 0.360 £ 0.002
+ +
ML-25M ELSA 2048 0.397 £0.002 0.363 = 0.002
MultVAE 256 0.375+0.002 0.333 £ 0.002
MultVAE 512 0.383 £0.002 0.340 = 0.002
MultVAE 1024 0.377 £0.002 0.334 + 0.002
ELSA 512 0.245 £0.001 0.239 = 0.001
ELSA 1024 0.275+0.001 0.269 £ 0.001
+ +
MSD ELSA 2048 0.298 £0.001  0.293 + 0.001
MultVAE 256 0.211 £0.001 0.203 = 0.001
MultVAE 512 0.241 £0.001 0.232 = 0.001
MultVAE 1024 0.252 +£0.001 0.242 + 0.001

fewer than 200 interactions and users with fewer than 20 interactions. Finally, for the presentation
purposes, TMDB API (https://developer.themoviedb.org/) has been used to collect additional data about
ML-25M items.

We split each dataset into training, validation, and test sets, employing the principle of strong
generalization — ensuring that users are disjoint between the splits. We reserve 10% of users for the test
set and an additional 10% for validation, leaving 128,621 and 457,084 users for training on ML-25M and
MSD, respectively.

Training and Evaluating CFAEs. For each dataset, we train ELSA and MultVAE in three
sizes: “small”, "medium”, and “large”. In particular, for ELSA, we use embedding dimensions
d € {512,1024, 2048}. For MultVAE, we select a neural architecture [dipput — 3d — d], where diyy is
the number of items and d € {256,512, 1024}, with a tanh activation. The final layer has two heads -
one for the mean and one for the variance. No activation is applied to these heads. The decoder mirrors
the encoder structure and applies a softmax activation to the output. This architecture largely follows
the suggestions from the original paper [8]. We train all variants using the Adam optimizer [63] with
a =3-107* for ELSA and 1073 for MultVAE, f; = 0.9, and f8, = 0.99. For MultVAE, we anneal the f
parameter by 10° after each step. We train both models using a batch size of 1024 for up to 25 epochs.
We employ early stopping for ELSA after 10 epochs without improvement in validation loss.

To contextualize the results discussed in the next subsection, we evaluate the CFAEs in terms of
Recall@20 and nDCG@20 on the held-out sets. The evaluation targets are randomly selected as 20%
of each user’s interactions, with the remainder serving as inference input. We report test set results
for all variants in Table 1. Although the peak performance of CFAEs is not the primary focus of our
experiments, the results for ELSA are on par with those reported in [29]. For MultVAE, our results were
approximately 5% lower than those of [8], which we attribute to a simpler annealing strategy and a less
extensive hyperparameter search.

Training SAEs. We trained 12 variants of Basic SAE and 12 variants of TopK SAE for every
combination of dataset, CFAE model, and its size, resulting in 288 sparse autoencoders in total. For
both SAE architectures, we varied the width-to-input dimension ratios {2, 4, 8}, while for Basic SAE,
we tuned the L; coefficient, and for TopK SAE, we tuned the k hyperparameter. Each SAE was trained
on the embeddings of the training user interactions generated by the encoder &, of its parent CFAE
model. SAEs are optimized using Adam [63] with @ = 3-107%, 8; = 0.9, and f, = 0.99.Training proceeds
with a batch size of 1024 for up to 250 epochs, with early stopping triggered after 50 epochs without
improvement in validation loss.

TEASER. For the TEASER baseline, we used a gradient-based reimplementation of the original model,
aiming for a practical baseline under the same protocol as the other recommenders. We used batch size
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Figure 2: Results of SAE reconstruction on 1024-dimensional CFAEs w.r.t. varying sparsity-inducing
hyperparameters (k, A;). Main highlights: (1) is simple to use and achieves a
superior sparsity—accuracy trade-off compared to Basic SAE (blue), which is very sensitive to hyperpa-
rameter selection. (2) TopK SAEs reconstruct cosine-like embeddings (ELSA) accurately, while variational
embeddings (MultVAE) are difficult to reconstruct without sacrificing performance. (3) Replacing the L,
reconstruction loss in TopK SAE with cosine similarity loss (green) further improves the results for
ELSA, but breaks the downstream performance of MultVAE.

1024, learning rate 1074, A= 1073, Ay = 1072, and Gaussian initialization with standard deviation 0.01.
Unlike the SAE-based approach, TEASER is steered directly in metadata space: given a user profile
pu = x,E, we form p}, = p, + f,, where f, is a sparse steering vector on the selected tag dimension, and
decode p;, with the fixed metadata decoder. TEASER therefore requires no concept-to-neuron mapping,
since its control dimensions are predefined by the metadata vocabulary itself.

4.2. Reliability of Sparse Reconstruction

Before applying sparse neurons for steering, we first need to establish whether SAE-based reconstruction
can be reliably used at inference time without prohibitively degrading downstream performance. If
sparse reconstruction is unstable or lossy, it risks introducing harmful performance regressions in
practical deployments. As we later show, while reconstruction is generally robust, certain types of
embeddings remain brittle and susceptible to degradation. The reconstruction quality was tested
using (i) the cosine similarity between the input and the reconstructed output; (ii) the downstream
performance (Recall@20 and nDCG@20) relative to the performance of the unmodified CFAE, and (iii)
the average number of neurons firing per input (denoted as L).

Figure 2 presents the results for SAEs based on 1024-dimensional ELSA and MultVAE backbones.” In
general, CFAEs with nested SAEs can retain high performance relative to their original counterparts,
though robustness varies across SAE and CFAE architectures. In particular, TopK SAEs consistently
achieved a more favorable sparsity—-accuracy trade-off compared to Basic SAEs. The Basic SAE’s 44
sparsity controlling hyperparameter is difficult to tune and highly sensitive; even small misconfigu-
rations can significantly degrade either sparsity or reconstruction quality. In contrast, TopK SAEs
explicitly constrain the number of active neurons, making them easier to configure and more effective
overall.

For CFAEs that use cosine-like embeddings, TopK SAEs can reconstruct the latent space with minimal
degradation in downstream performance. For example, on ML-25M, 1024-dimensional ELSA embeddings
could be reconstructed using k = 32 neurons, while preserving 95% of the original Recall@20 and 94%
of nDCG@20. Our ablation study further showed that replacing the L, reconstruction loss (see Eq. (5))
with a negative cosine similarity loss,

"Results for other backbone variants are available from the repository.



Table 2

Tags with highest (black) and lowest (grey) KL divergence from average activation distributions over all
tags on the ML-25M dataset. A corresponding table for the MSD dataset is available in the repository.

MultVAE + L2 H Dy ELSA + L2 H Dy ELSA + Cosine H Dy
james bond 2.06 14.30 quentin tarantino  4.65 14.60 quentin tarantino  4.90 14.34
quentin tarantino  2.86 14.24 wes anderson 4.09 14.25 coen brothers 5.21 14.20
studio ghibli 1.67 14.16 stanley kubrick 450 14.20 james bond 5.18 14.20
boring 544 576 boring 7.33 315 bd-r 822 265
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Figure 3: KL divergence and entropy decrease of tags and neurons. For “tags to neurons” direction, relative
entropy decrease is defined as (H — H;)/H, where H, is the entropy of the tag’s distribution of neuron activations,
while H is the entropy of the average distribution over all tags. The other direction is defined analogously.
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improved the sparsity—accuracy trade-off for cosine-like embeddings, as used by ELSA. In the previously
mentioned k = 32 case, this loss yielded 97% of ELSA’s Recall@20 and nDCG@20. However, in the case
of MultVAE, this loss no longer ensures a small Euclidean distance between variational embeddings
— which represent samples from a probability distribution — and their reconstructions. As a result,
downstream performance degraded significantly.

Overall, our results suggest that CFAE models optimized for cosine similarity between embeddings
are particularly well-suited for the PURL pipeline. We hypothesize that this generalizes to other
non-autoencoder CF architectures (e.g., matrix factorization or graph neural networks) that rely on
embedding angles rather than distances for inference. We encourage future work to explore this broader
applicability.

(6)

4.3. Interpretability of SAE Neurons

Now we need to determine whether a correspondence has emerged between sparse neurons and
semantic concepts — that is, to identify which "levers” can be used to steer the recommendations. In
this experiment, we utilized the TF-IDF based concept-neuron mapping as described in Section 3.2
on top of ML-25M and MSD tags. We preprocessed the dataset by removing tags that appear fewer
than 100 times to reduce noise, and retained only those associated with items present in the interaction
data. We analyzed three nested autoencoder variants as follows. We used 1024-dimensional ELSA
and MultVAE on top of which we trained a TopK SAE with an L, reconstruction loss, an 8x scaling
factor (resulting in an 8,192-dimensional sparse layer), k = 16, and A; = 0.0003. Additionally, we used
another TopK SAE with the same configurations but using cosine reconstruction loss on top of the ELSA
backbone. In the results, the three experimental configurations were denoted as ELSA+L2, MultVAE+L2,
and ELSA+Cosine, respectively.

To quantify the selectivity of neuron activation for individual tags, we analyzed the tag-to-neuron
score matrix M;_,, using two distributional metrics. For each tag (i.e., row of M;_,,, interpreted as
a probability distribution via L; normalization denoted by ~), we computed (1) the entropy H, which
measures the spreading of activation across neurons, and (2) the Kullback-Leibler divergence Dgj,
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Figure 4: Effects of concept steering via PURL pipeline for a particular user.

ro

which compares each tag 7;’s activation distribution S,_,,[7;] to the average distribution across all tags
E, [Mt—m[f]]; formally Dgr, (ET [gt—m[f]] ” St—m[fi])-

Figure 3 presents the distributions of Dyp, and relative entropy decrease across tags for all three model
variants, while Table 2 lists tags with the most and least specific activation patterns for the ML-25M
dataset. We found that a large portion of tags exhibit significantly lower entropy than the per-model
averages.® Similarly, many tags showed highly divergent activation patterns (e.g., 88% of MultVAE+L2,
59% of ELSA+L2, and 88% of ELSA+Cosine entries have Dy, > 10 on the ML-25M dataset). That is, most
tags induce rather unique activation patterns highly different from the average, which may be used for
subsequent steering.

To further analyze the activation patterns, we focused on which tags induce the most/least specific
activations. On ML-25M, the highest Dy typically correspond to individuals associated with movies
(i.e., actors, characters, writers, or directors), while tags with the lowest divergence tend to be vague and
less informative about the movies themselves, e.g., BD-R (a type of optical media) or “boring”. Similar
patterns were also observed in MSD, where tags targeting compact subcultures (e.g., Reggaeton, Kiwi,
Turkish, or Celtic punk) exhibited high Dy, while general concepts like favorites or rock were on the
other end of the spectrum.

We applied an analogous analysis in the opposite direction — from neurons to tags — using M,,_,;. As
shown in Figure 3, many neurons exhibit large Dy and relative entropy decrease, indicating sparse,
targeted responses to a small subset of tags. Comparing the models, MultVAE+L2 achieved the highest
relative entropy decrease across both directions, followed by ELSA+Cosine and then ELSA+L2. For Dy,
MultVAE+L2 and ELSA+Cosine showed similar selectivity, with ELSA+L2 slightly trailing behind.

In summary, despite using only simple metadata for concept identification, we have shown that a
significant portion of the learned neurons appears to be activated by compact, well-defined, and seman-
tically meaningful features — revealing a “control board” with sufficient granularity, interpretability,
and fidelity.

4.4. Practical Steering of Recommendations

We conclude our experimental study by evaluating whether the learned control panel of sparse neurons
enables effective intervention in recommendation behavior. We begin with a qualitative evaluation
depicted in Figure 4.” Here, we employed the ELSA+L2 nested autoencoder and argmax, M,_,; concept-
neuron mapping to steer the recommendations of a particular user toward several item segments in the
movie domain. The user shown in the Figure originally interacted with 33 movies, and the default list
of recommendations (denoted as [no boost]) reflects their general interests in classic Hollywood films,
musicals, and film noir. Boosting the characteristic neurons corresponding to selected concepts (with
a = 0.15) shifts the recommendations toward the desired themes while preserving the user’s original
preferences. For instance, amplifying neurons associated with the “Children” and “David Lynch” tags
results in the inclusion of Toy Story and Mulholland Drive, respectively. Notably, steering behaves as a
blend of the original profile and the targeted concept. For example, in addition to the popular Titanic,
amplifying the “Love story” neuron also promotes The Sound of Music and Casablanca, reflecting a
preference for romantic films within classic Hollywood and musical genres.

8H = 6.3, 8.3, and 9.0 for MultVAE+L2, ELSA+L2, and ELSA+Cosine, respectively, on the ML-25M dataset.
°To facilitate further exploration, additional qualitative examples are made available through an interactive demo at https:
//steerable-collaborative-filtering.streamlit.app/.
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Figure 5: Results of the steering procedure for varying intensities @ and concept-neuron mappings.

Next, we evaluated whether such a blend of original and segment-wise preferences can be achieved in
general. For each test user, we selected the segment &,,'° whose size in the hold-out set minus the size
in the input set was the largest, i.e., the most under-represented segment of the user’s interests. This
creates an opportunity for recommendation steering to compensate for this mismatch. After identifying
&, we applied the steering toward this segment, using the PURL with gradually increasing a. To map
segments to neurons, we considered both argmax,M;_,, (the most unique neuron) and argmax, M, _,; (
best characterizing neuron). To put our methods in context, we also depict the results of the TEASER
baseline.

Figure 5 depicts the trade-off between recommendation accuracy w.r.t. the user’s hold-out set
(denoted as nDCG@20(personal)) and recommendation accuracy w.r.t. items from steered segment
&, (nDCG@20(segment)) for varying steering magnitude . Overall, thanks to its direct metadata
mappings, TEASER can deliver good steering performance. Nevertheless, the price for that is an
inferior recommendation accuracy w.r.t. the user’s general preferences (nDCG@20(personal)). PURL
pipeline provides much better steering-accuracy tradeoff as long as the desired steering magnitude is
not too large. As for particular variants, ELSA+L2 clearly outperformed MultVAE+L2 on both datasets,
while for ELSA, steering based on the best characterizing neuron outperformed that based on the most
unique neuron. In contrast, for MultVAE+L2, steering through best characterizing neurons fails entirely,
potentially due to substantial overlap in the argmax, M, _,; mappings across tags. We hypothesize this is
related to the lack of reconstruction robustness discussed in Section 4.2. Finally, we checked the impact
of using top-k best neurons instead of top-1. This change improved the accuracy-steering tradeoff
across all tested approaches. For clarity, Figure 5 depicts only the results of ELSA, with the top-10 best
characterizing neurons, which represent the best of the evaluated variants. We further focused on the
effect of TF-IDF weighting of neurons, but this did not provide further improvements.

Overall, our experiments confirmed that steering based on SAE, such as the PURL pipeline, is a
favorable option in certain situations. However, in contrast to [58, 61], we demonstrated that not all CF
architectures are equally amenable to such modifications: different architectures may require variations
in the subsequent pipeline, and, in some cases, steering must be applied with caution.

5. Conclusions and Future Work

In this work, we explored the applicability of SAEs to provide an interpretable and steerable layer on
top of the CFAE. We proposed the PURL pipeline instantiating this idea and evaluated its impact on (1)
the downstream performance, (2) embeddings interpretability, and (3) steerability of recommendations
by boosting specific concepts. Overall, the pipeline proved effective: TopK SAEs preserved almost all
downstream accuracy for cosine-like CFAE embeddings; even very simple processing of structured
metadata can yield interpretable concept-to-neuron mappings, which can be used to effectively and

Here, we focused on simple segments defined through assigned tags: an item i € segment &, induced by a tag t if t has been
assigned to i.



efficiently steer the final recommendations. We also indicated several options and design choices that
we advise against, as they may lead to unstable or inferior performance.

Nevertheless, our current work has several limitations. We evaluated relatively simple SAE variants,
leaving room for improved accuracy via auxiliary losses (e.g., [23]) or more advanced SAE architectures
(e.g., [41, 64]). Moreover, we only experimented with simple segment definitions, concept-neuron
mappings, and steering vector definitions. Applying large language models to full-text item descriptions
could reveal finer neuron-item relationships beyond existing metadata, and examining neuron activa-
tions on multi-item inputs may surface additional useful inter-item features. Finally, we hypothesized
that PURL pipeline should be robust for further RS backbones, which - just like in ELSA - are based on
cosine similarity of embeddings. Therefore, we plan to investigate such RS, e.g., matrix factorization or
graph neural networks, in the future.
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