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Abstract

Universal user representations hold the promise of reducing the
need for task-specific modelling in personalized systems, enabling
a single embedding to support a wide range of predictive tasks such
as churn prediction, product propensity, and category-level rec-
ommendations. In this paper, we introduce BEHAV-E (Behavioural
Embedding via Hybrid Action Variational Encoder), a self-supervised
architecture that learns rich, 2048-dimensional user embeddings
from multi-event behavioural data. BEHAV-E integrates both tem-
poral and semantic signals by combining kernel density estima-
tion (KDE) of user activity timelines, product and category embed-
dings via shared embedding bags, and an LSTM-based autoencoder
for modelling search query semantics. We evaluate our approach
within the RecSys Universal Behavioural modelling Challenge. Our
results demonstrate that BEHAV-E effectively captures complex,
multi-modal user behaviour in a compact and transferable em-
bedding format. This paper provides an overview of the approach
we used as team DArgk?! for the ACM RecSys Challenge 2025. Our
submission achieved the 13" rank and sum of scores of 4.5713
(borda count 483) in the competition academia-track final results.
We release our source code at: https://github.com/knife982000/
RecSys2025Challenge
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1 Introduction

User modelling is essential for large-scale personalized services,
allowing businesses to better understand user behaviour and im-
prove predictive tasks, such as churn prediction, recommendations,
and user profiling [1]. However, most existing approaches are task-
specific, relying on supervised training for individual downstream
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applications like click-through rate prediction or personalized rec-
ommendations. A key challenge in this context is the diversity of
user characteristics, which often results in multi-modal and long-
tailed data distributions. These patterns can significantly reduce
model performance and robustness, particularly in large, heteroge-
neous user populations [9, 10]. Furthermore, each predictive task
typically requires its own dataset, training pipeline, and embedding
space. While effective in isolated scenarios, this approach is not
scalable and incurs in high engineering and computational costs,
limiting generalization to unseen tasks [1, 2].

To address these limitations, recent work has focused on learning
universal user representations, compact encoding of user behaviour
designed to be free of task-specific biases [1]. These pre-trained
representations can be applied across a wide range of downstream
tasks, requiring only lightweight models for adaptation instead
of retraining full task-specific pipelines [9]. Universal representa-
tions offer key advantages, including lower computational costs,
improved generalization, and the ability to support diverse predic-
tive tasks within a unified framework [9].

In this work, we introduce BEHAV-E (Behavioural Embedding
via Hybrid Action Variational Encoder), a self-supervised architec-
ture for universal user modelling. BEHAV-E combines session-level
autoencoding with contrastive learning to capture both temporal
dynamics and semantic relationships in user behaviour. A varia-
tional encoder further enhances the robustness and expressiveness
of the learned representations. This hybrid design allows BEHAV-E
to generate compact 2048-dimensional embeddings that effectively
summarize user histories for diverse downstream tasks.

To understand and evaluate the properties of the generated em-
beddings, we performed a series of embedding space analyses. These
include visualizing the representation space with dimensionality
reduction, assessing cluster homogeneity to determine whether
users with similar behavioural patterns are grouped together, and
analysing correlations between embedding dimensions and user ac-
tivity attributes. These analyses revealed that BEHAV-E embeddings
capture both temporal dynamics and activity levels, structuring the
space in a way that reflects key aspects of user behaviour.

2 Problem formulation

The ACM RecSys Challenge 20252, organized by Synerise, a deep-
tech company specializing in Al and big data, focused on learning
user representations that generalize across multiple predictive tasks.
Using real-world interaction logs, the goal is to generate Universal
Behavioural Profiles, compact embeddings that capture essential

Zhttps://recsys.synerise.com/
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Table 1: Distribution of number of actions logged per User

Actions Mean Min 25% 50% 75% Max
Buys 2.15+3.75 1.00 1.00 1.00 2.00 644.00
Adds 3.90 + 12.82 0.00 0.00 1.00 3.00 1,597.00
Removes 1.65 + 8.00 0.00 0.00 0.00 1.00 1, 145.00
Searches 6.23 + 25.83 0.00 0.00 0.00 3.00 3,384.00
Visits 50.14 £ 145.04 0.00 0.00 17.00 49.00 29,676.00

behavioural patterns. These embeddings are then evaluated by train-
ing standardized neural models on top of them, with performance
measured in terms of accuracy, novelty, and diversity across three
open and three hidden downstream tasks: « Churn Prediction.
Predict whether an active user will make no purchases in the next
14 days. « Product Propensity. Predict which products a user is
likely to purchase within 14 days. « Category Propensity. Predict
the categories in which a user will make purchases within 14 days.
« Conversion (Hidden 1). Predict whether a relevant client will
make a purchase during the evaluation period. «+ New Product
Propensity (Hidden 2). Predict user preferences for the 20 most
popular items from the training period that appear only in the
evaluation period. « Price Propensity (Hidden 3). Predict which
of 100 predefined price buckets a user will purchase from.

2.1 Data

The data provided by the RecSys Challenge consists of anonymized
real-world user interaction logs encompassing various activities
and product metadata. It includes six event types: product buy, add
to cart, remove from cart, page visit, search query, and product
properties. The first three events capture transactional behaviour,
each with a user ID, timestamp, and product ID. Page visit events
record a user ID, timestamp, and URL identifier but do not specify
the content of the visited page (e.g., which products were displayed).
Search query events store user-issued queries as compressed textual
embeddings. Additionally, product metadata includes a category
ID, price bucket, and embeddings of the product name.

Table 1 summarizes the distribution of logged actions for the
one million users in the competition data. The data shows a steep
decline from general activities like visits (z = 50.14) to high-intent
actions such as purchases (u = 2.15), suggesting that while users
often interact with the platform, only a small subset completes
transactions. Large standard deviations and extreme maximum
values across all action types indicate a highly skewed distribution,
likely driven by a small number of exceptionally active users.

2.2 Evaluation

The primary performance metric is AUROC. For category and prod-
uct propensity, evaluation uses a weighted average of AUROC,
novelty, and diversity. To compute diversity, each prediction is trans-
formed using an element-wise sigmoid and then L1-normalized.
The entropy of the resulting distribution serves as the diversity
measure for that prediction. The model’s overall diversity score is
then calculated as the average entropy across all predictions.
Novelty is derived from the popularity of the top-k predicted
items. For each prediction, popularity is computed as the weighted
sum of the popularities of the top-k targets, normalized so that a
score of 1 indicates full confidence in the k most popular items. The
model’s overall popularity score is the average across all predictions.
Due to data sparsity, raw popularity values are typically close to
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Figure 1: BEHAV-E architecture

zero, resulting in novelty values near 1. To enhance sensitivity
to small variations, raw popularity scores are raised to the 100th
power before computing novelty as 1 — popularity.

2.3 User embedding analysis

To analyse whether the resulting user embeddings capture mean-
ingful behavioural patterns, we examined how distances in the
embedding space correlated with user similarity based on the cate-
gories of the items bought, added, or removed from the cart. Cate-
gory similarities were derived from embeddings obtained via matrix
factorization on user-category purchase data. We also visualized
the 2D embedding projection, highlighting the number of user
interactions and the timing of their activity.

3 BEHAV-E: Generating user embeddings

Figure 1 presents the architecture of our approach for generating
user representations, named BEHAV-E. This model produces embed-
dings that integrate both temporal and semantic aspects of user
behaviour. While variational autoencoders have shown success in
modelling user behaviour [6], BEHAV-E departs from the traditional
autoencoder design; it is designed solely as an encoder and is not
trained to reconstruct user activity. VAEs provide a probabilistic
framework that naturally captures the uncertainty and variability
in sequential data, which is crucial when modelling noisy or sparse
user behaviour sequences common in recommendation tasks. By
encoding data into distributions rather than fixed points, VAEs
allow robust generalization [13]. The inputs capture multiple di-
mensions of user interactions; SKUs and categories encode lists of
products and their associated categories for specific actions, and
URL visits are embedded directly, while query embeddings sum-
marize user searches. Kernel Density Estimates (KDEs) provide
vectorized representations of the temporal distribution of actions.
Using a KDE representation allows our model to avoid using re-
current neural networks that tend to have problems learning short
sequences [15], which is the common case. Moreover, they might
have limitations for very large sequences of events, an infrequent
but real case, requiring truncation and risking vanishing gradient.

Preprocessing. For each event type, we represent its temporal
distribution using KDE with a Gaussian kernel [12]. Timestamps
are scaled to the [0, 1] interval, where 0 corresponds to the earliest
event across all users and 1 the latest. This process generates, for
each user and activity type, a list of event times T = {x1,x2,...,Xn}.

To generate the KDE profile vector, we defined eleven equidistant
reference points across the [0, 1] interval to ensure equal contri-
bution from all temporal segments. While increasing the number
of points could improve discretization, it would also raise model
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complexity. Given the sparsity of most user activities, we found
that eleven points provided an effective trade-off. The KDE value at

each reference point r; is computed as fh(rj) = n_lh >r K (rj ;xi )

where K (1) = —= exp (—%uz) denotes the kernel function, h > 0

V2m

is the bandwidth controlling the kernel’s smoothness (h = 0.1 in
our implementation), and x; are the observed data points. We use
the Gaussian kernel for its smoothness and desirable statistical
properties [7].

Each user is thus represented by five KDE vectors, one for each
activity type (add, remove, buy, visit, search). For product-related
events (add, remove, buy), these representations were further en-
riched with the corresponding lists of SKUs and their associated
categories. Similarly, URL visits are encoded as lists of visited URLs.
For search queries, the provided quantized embeddings were con-
verted into 64-dimensional floating-point embeddings using an
LSTM-based autoencoder trained on product names, achieving
over 99.9% reconstruction accuracy®. To aggregate multiple search
queries per user, we computed the element-wise mode, yielding a
compact representation of their search behaviour.

For SKUs, categories, and URLs, we used embedding bags that
compute the mean embedding across each user’s list of items. For-
mally, for a user’s set of items (e.g., I = {iy, iy, ... i }), Emb:(I) =
% 25:1 Ej; where E € RN* js a trainable weight matrix, where N
is the number of unique items and d the embedding size. To capture
semantic differences between operations on the same item (e.g.,
adding vs. removing a product), we applied operation-specific lin-
ear transformations. For example, the intermediate embedding for
SKU,44 is computed as iter_SKU,345 = W,q4Embg,, (SKU,q4) +
bada, while for SKUyp, it is iter_SKUyrp = WemEmbgp,, (SKUrr,) +
byrm. This strategy allows BEHAV-E to share a single embedding ma-
trix for memory efficiency while producing distinct representations
for each operation. The only exception is URLs, which require no
such transformation since they are only associated with visits.

Finally, the KDE vectors and query embeddings (already in R)
were passed through linear layers. The resulting intermediate vec-
tors were concatenated into a single feature vector, which defines
a sampling distribution N (g, 0?). To compute y and log (¢2), the
concatenated vector was passed through two parallel pipelines of
dropout, batch normalization, and linear layers. The final user em-
bedding z ~ N (y, 0?) was sampled using the reparameterization
trick [3]. Dropout and sampling were intended to introduce noise
to improve robustness and mitigate overfitting.

Training. To train BEHAV-E, we used a contrastive learning strat-
egy with two randomly initialized model instances, M;(U) and
M, (U), referred to as Dual-BEHAV-E. For each training batch, a
set of n users is randomly sampled and encoded by both models,
producing two behaviour embedding matrices Y; and Y, in R"*€,
where e is the embedding size. As the dataset lacks explicit embed-
ding targets, we optimized the model using the InfoNCE loss [11],
which encourages alignment between the embeddings from M; (U)
and M, (U). The InfoNCE loss is defined as:

Linfonce (Y1, Y2) = CrossEntropy (Softmax (1 YZT ) , I) (1)
where, Softmax was applied row-wise to the similarity matrix Y1 Y2T ,

and I denotes the identity matrix, enforcing maximum similarity

3Treating each vector element as a classification task over 256 quantization classes.

18

RecSysChallenge °25, September 22, 2025, Prague, Czech Republic

Table 2: Task performance for submitted embeddings

Configuration ~ Churn Category Product Hidden1 Hidden2 Hidden 3
Simple 0.711 0.783 0.762 0.734 0.739 0.785
1Cycle 0.719 0.787 0.765 0.737 0.718 0.784
1Cycle+4kB 0.709 0.781 0.773 0.734 0.745 0.783
EMA 0.713 0.787 0.768 0.734 0.733 0.785
Final 0.719 0.792 0.787 0.739 0.746 0.788
Final+KL 0.701 0.775 0.750 0.719 0.704 0.774
Final+Reg 0.716 0.787 0.778 0.738 0.743 0.785
Full mix 0.719 0.791 0.783 0.741 0.729 0.790
Ens. 1Cycle+4kB  0.713 0.781 0.777 0.740 0.718 0.783

between corresponding user embeddings. To balance contributions
from both models, we symmetrize the loss:

LinfoNce (Y1, Y2) + Linfoncg (Y2, Y1) @
2

We trained two versions of Dual-BEHAV-E with identical model
configurations but different training strategies. Each model uses
embedding bags with dense layer outputs of 128 dimensions, and a
final layer producing 512-dimensional user embeddings. Optimiza-
tion was performed with AdamW (learning rate 1le — 3, f; = 0.9,
B2 = 0.999, and weight decay 0.01)%.

For training, one model used a batch size of 1,000 with Expo-
nential Moving Average (EMA) smoothing (0.999 decay) to smooth
parameter updates [5]. The second employed a larger batch size of
4,000 and a 1Cycle learning rate schedule [8], which cyclically ad-
justed the learning rate for improved convergence. Larger batches
are generally preferred for contrastive learning as they create a
harder InfoNCE objective, though GPU memory constraints lim-
ited the maximum batch size. These two versions were designed
to explore complementary optimization strategies and enhance
representation diversity for ensembling.

L(Y,Yr) =

Inference. We used the trained Dual-BEHAV-E and concatenated
their resulting embeddings. While the two embeddings are expected
to be broadly similar, they are not identical; concatenating them
effectively acts as an ensemble of complementary representations.
During inference, each BEHAV-E returns the expected value E (z) =
ut instead of sampling z ~ N (g, %), with disabled dropout. Since
we trained two Dual-BEHAV-E models, this results in four BEHAV-E
instances. Each one produces a R>!2 embedding, meaning each
Dual-BEHAV-E outputs a R192# vector. Concatenating both Dual-
BEHAV-E outputs yields a final R?%48 embedding for each user.

4 Experimental Analysis

Table 2 summarizes the results of our submissions. Simple is the
baseline model, trained with a batch size of 1,000 and AdamW. 1Cy-
cle builds on this by incorporating a 1Cycle learning rate schedule,
while 1Cycle+4kB further increases the batch size to 4,000. EMA
follows Simple but applies EMA during training. We then evalu-
ated ensemble-based models. Final represents our main submission,
combining 1Cycle+4kB and EMA via embedding concatenation. Fi-
nal+KL extends this by adding a KL-divergence term to the loss,
as in a standard VAE [4]. Final+Reg introduces a regularization
term that penalizes embedding dimensions exceeding one, inspired
by Zhao et al. [14]. Full Mix ensembles all four base models but
averages embeddings within each Dual-BEHAV-E, producing 512-
dimensional embeddings. Finally, Ens. 1Cycle+4kB is an ensemble of

“Following PyTorch’s default settings: https://pytorch.org/docs/stable/generated/torch.
optim. AdamW.html
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(a) Number of actions (b) Average time of the actions

Figure 2: Spearman correlations between embedding features
and s’ distribution (0-1023: 1Cycle+4kB 1024-2047: EMA)

four Dual-BEHAV-E models trained with 1Cycle+4kB and a reduced
embedding size (128 dimensions).

Among the non-ensemble models, 1Cycle+4kB and EMA per-
formed best, motivating their inclusion in our final submission.
Experiments with additional regularization techniques and alter-
native ensembling strategies did not improve generalization. All
models were trained solely on the one million relevant users, as
earlier tests on the full dataset yielded no performance gains but
substantially increased training time. In prior dataset versions, we
also explored transformer-based and recurrent architectures; how-
ever, these struggled to generate meaningful embeddings, likely
due to the limited number of logged activities per user.

4.1 User embedding analysis

Figure 2 illustrates the correlation between embedding features and
two user activity metrics: total number of actions (Figure 2a) and the
average time of those actions within the logged period (Figure 2b),
where higher values indicate activity concentrated toward the end
of the period. The first 1,024 features, from the 1Cycle+4kB model,
show consistently stronger absolute correlations than those from
EMA, suggesting that 1Cycle+4kB may be slightly more effective at
capturing these behavioural patterns.

To evaluate how well embeddings captured user interests, we
computed the Spearman correlation between pairs® of user em-
bedding dot products and the semantic similarity of their category
interaction sets (buy, add, and remove). Category set similarities
were derived using a Matrix Factorization model trained on user
purchase data to learn category embeddings, then the similarity be-
tween two users’ sets was computed through bipartite matching of
their category embeddings. For the Full model, correlations® were
modest: 0.0446 (buy), 0.1340 (add), and 0.1367 (remove). The 1Cy-
cle+4kB model achieved consistently higher correlations of 0.0650,
0.1666, and 0.1374, indicating stronger alignment with semantic
interest similarity. In contrast, the EMA variant showed near-zero
or slightly negative correlations: —0.0251 (buy), —0.0090 (add), and
0.0725 (remove). These findings suggest that 1Cycle+4kB embed-
dings better capture user interests in a linear sense than EMA.

To explore the structure of the learned representations, we pro-
jected the 2048-dimensional user embeddings into 2D (Figure 3),
colouring points by behavioural attributes for each action type’.

>Due to the computational complexity, we sample a million pairs.

6All correlations are statistically significant with p — value < 3e — 7 within a 56
confidence interval.

"The visualizations for the other action types can be found in the companion repository.
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Figure 3: User embeddings vs “buy” actions distribution

Across all actions, embeddings exhibited consistent structural pat-
terns. Main clusters displayed smooth temporal gradients, sug-
gesting that BEHAV-E encodes the timing of user interactions as a
continuous feature, as users with early actions clustered together,
while those with later actions occupied distinct regions. Activity
levels further shaped the embedding space, with high-activity users
concentrated in dense cluster cores and low-activity users dispersed
along the periphery, often forming smaller, isolated groups that
likely correspond to sparse or atypical behavioural histories. Each
action type also exhibited distinct characteristics:
« Buy. Two main clusters exhibited smooth temporal gradients
from early to late purchases. High-activity users concentrated in
dense core regions, while low-activity users appeared in smaller
peripheral clusters.
+ Add. Temporal gradients were evident, with a distinctive subclus-
ter indicating a unique behavioural pattern. High-activity users
formed dense cores, while low-activity users were dispersed across
multiple clusters.
» Remove. Clusters were sparse, with few high-activity users and
a predominance of peripheral low-activity groups. Temporal orga-
nization persisted, though high-volume removers were rare and
tightly localized.
« Search. Richer signals were evident, with high-activity users
more widely distributed and peripheral clusters appearing less
fragmented. Temporal dynamics remained well preserved.
« Visit. Clusters were primarily shaped by activity level, with clear
temporal gradients from early to late visits within each cluster.
These findings highlight BEHAV-E’s ability to capture tempo-
ral patterns and activity sparsity across diverse user behaviours,
structuring the embedding space to reflect intent, engagement, and
behavioural diversity. This organization is well-suited to support
downstream tasks requiring fine-grained temporal and semantic
understanding of user behaviour.

5 Conclusions

In this paper, we introduced BEHAV-E, an encoder for generating
general-purpose user embeddings from activity logs. Our results
demonstrated that BEHAV-E effectively captures user behaviour
despite activity sparsity, producing embeddings that support a wide
range of downstream models without task-specific information.
Embedding analyses further showed that the model encodes both
temporal dynamics and user preferences.
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