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Abstract

Collaborative filtering is a foundational component of music recom-
mender systems, powering a variety of recommendation tasks from
retrieving the most relevant tracks, albums, artists, and podcasts
for a given user to more nuanced objectives such as content discov-
ery, familiar listening, and new release recommendation. To enable
scalable, low-latency inference, content-retrieval models compute
latent user and item representations. These embeddings can be
efficiently queried using approximate nearest-neighbor indices. A
fundamental challenge in music recommendation systems is the
catalog scale, with music streaming platforms commonly offering
more than 100 million tracks. Training item embeddings at this
scale presents significant operational challenges, leading to the
prevalent industry practice of training a single, general-purpose
content-retrieval model and adapting it to specific tasks through
post-hoc filtering. For instance, discovery tasks apply filtering to
exclude previously consumed content, while new release recom-
mendations filter by recency.

We challenge this practice by quantifying substantial perfor-
mance improvements of task-specific models over the standard
approach of using a single general-purpose model with post-hoc
filtering, with gains of up to 194.6% in NDCG@100 for discov-
ery tasks and up to 122.4% for fine-tuned models. To mitigate the
training costs that motivate the industry practice in the first place,
we explore an intermediate approach: fine-tuning a foundational
content-retrieval model on specific recommendation tasks. While
fine-tuned models do not achieve the same performance as fully
task-specific models, they consistently outperform the single em-
bedding model approach at comparable training costs.
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1 Introduction

Modern recommender systems typically employ a two-stage ar-
chitecture: content retrieval and ranking [20, 21]. In the content
retrieval stage, a highly scalable model identifies a subset of po-
tentially relevant items from the catalog. In the ranking stage, the
result set is then ordered using a more sophisticated model that
can afford higher computational complexity due to the reduced
candidate space [12].

Scalable collaborative filtering methods for content retrieval rely
on learned embeddings for users and items, where proximity in
the embedding space indicates relevance. The embeddings enable
low-latency inference through approximate nearest-neighbor in-
dices [7, 10, 17]. However, learning item embeddings at this scale
requires sophisticated distributed training algorithms and incurs
substantial computational costs [3]. Due to the high training costs,
industry practitioners commonly train a single general-purpose
collaborative-filtering model and reuse it across multiple recom-
mendation tasks by applying post-hoc filters. For example, an artist
discovery recommender could be implemented by performing a
nearest-neighbor query with the user embedding and then filter-
ing results to exclude artists the user has previously listened to.
Many recommendation tasks can be similarly decomposed into
content retrieval followed by task-specific filtering [6]. While this
effectively amortizes the training costs across the recommendation
tasks, we quantify the substantial opportunity cost of this prac-
tice, measuring performance gaps ranging from 2.7% to 194.6% in
NDCG@100 across multiple music recommendation tasks when
compared to models that are trained on-task. This performance
gap is particularly critical for high-value recommendation tasks
such as content discovery, which directly impact long-term user
satisfaction [4, 16].

The key contributions of this paper are:

(1) We define and formalize four music recommendation tasks
on academic datasets beyond standard user-item retrieval.

(2) We quantify substantial performance gaps between general-
purpose collaborative-filtering models with task-dependent
post-hoc filtering and dedicated task-specific models, mea-
suring improvements of 43 — 195% in NDCG@100 for dis-
covery tasks and 3 — 53% for familiar listening tasks.

(3) To mitigate training costs, we measure that fine-tuning a
foundational content-retrieval model achieves 66 — 139% im-
provements over baseline models while offering comparable


https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3779211.3793165
https://doi.org/10.1145/3779211.3793165
https://doi.org/10.1145/3779211.3793165

WSDM Companion 26, February 22-26, 2026, Boise, ID, USA

training costs, though underperforming fully task-specific
models by 20 — 50% on discovery tasks.

2 Related Work

Collaborative-filtering models, such as Alternating Least Squares
(ALS), are a foundational building block of modern recommender
systems; see [13] for a review. In sequential recommendation, we
additionally take into account the order of user interactions and try
to predict the next one. With the advent of transformer architecture
in NLP [19], several transformer-based models for sequential recom-
mendation have been proposed. Among the first were SASRec [7],
which follows a decoder-only architecture, and BERT4Rec [17],
which uses an encoder-only architecture.

However, these approaches focus primarily on general user-item
relevance prediction. Modern streaming platforms need to solve a
variety of recommendation tasks: for example, content discovery
has been extensively studied [1, 14, 15, 18] because of its positive
long-term impact [4, 16].

Most relevant to our approach are [18] and [9]. In [18], the
authors consider repeated listening and discovery as separate rec-
ommendation tasks and propose a new model architecture to learn
both through short and long-term user representations. Neverthe-
less, a single model is employed for both tasks, differing from our
proposed approach. In [9], a generative model is learned to predict
not only the next item that a user interacts with as in sequential
recommendation, but also the type of interaction (called behavior
in the paper). Here, behavior could for example be discovery or
familiar listening. In both [18] and [9] multiple downstream recom-
mendation tasks are considered, yet the proposed solutions train
a single model for all tasks. In contrast, our work quantifies the
performance cost of single-model approaches by measuring im-
provements of +43% to +195% in NDCG@100 when using dedicated
task-specific models rather than training a single multi-task model.

3 Methodology

In order to show the hidden opportunity costs of using a general-
purpose embedding model with recommendation task-specific fil-
tering, we define several music recommendation tasks on a dataset
of user listening histories. For a user u, let Hr(u) = (t1, t2, ..., tp) de-
note the ordered track listening history of u. Similarly, let Ha (u) =
(a1, ..., an) denote the ordered artist listening history such that a;
is the main artist of track ¢;. Then, we define the following tasks:

T1 Track Discovery: Given Hr (u), predict the next track ¢*
that the user listens to with t* ¢ Hy (u).

T2 Familiar Track Listening: Given Hr (u), predict the next

track t* that the user listens to with t* € Hr(u).
T3 Artist Discovery: Analogous to T1, given Hy (u), predict
the next artist a* that the user listens to with a* ¢ Hy (u).

T4 Familiar Artist Listening: Analogous to T2, given Hu (u),
predict the next artist a* that the user listens to with a* €
Ha(u).

A general-purpose embedding model can be trained on the track
and artist listening histories and used for all tasks by filtering its
predictions to either tracks (artists) that the user previously did not
listen to in the case of T1 (T3), or to already known tracks (artists)
in the case of T2 (T4).

Mahesh Jindal, Giuseppe Di Benedetto, and Yannik Stein

Next, we discuss how to train specialized models for the individ-
ual tasks. We define the user track discovery sequence Dr(u) =
(t;i: t; ¢ 74T<i(u)) as the ordered sequence of tracks that the user
previously did not listen to, where <! denotes the first i — 1 tracks
in the user listening history. Similarly, the familiar track sequence
is defined as F7(u) = (t; : t; € ﬂ;i(u)), and Dy (u), Fa(u) are
defined analogously for artists. Now, we can train a specialized
model for T1 on the track discovery sequence D (u). Similarly, for
T2 we can train a model on F7(u), for T3 on D4 (u), and for T4
on Fu(u).

Since training costs of content retrieval are substantial at the
catalog scale of music streaming platforms, we also consider the
fine-tuning paradigm in order to obtain specialized models for the
individual tasks without having to train a model for each task from
scratch. Here, we further fine-tune the general-purpose models on
the discovery and familiar listening sequences of the respective
tasks.

As an additional variant to the task-specific discovery and fa-
miliar listening sequences, we propose a new training data pre-
processing transformation: listening history condensation. We say a
sequence S is k-condensed if all elements in S appear at least k times
in the listening history. The listening history condensation reduces
noise and only keeps tracks or artists that the user repeatedly en-
gages with. Specifically for the above tasks, a k-condensed track
discovery sequence is defined as (¢; € Dr(u) : n; > k), where n; is
the number of occurrences in Hr (u). Similarly, k-condensed famil-
iar track sequences as well as k-condensed familiar and discovery
artist sequences can be defined.

So far we have not discussed the specifics of the collaborative
filtering models. Our approach outlined above does not make any as-
sumptions about the model architecture itself. We select Alternating
Least Squares (ALS) [5] as a commonly used strong collaborative-
filtering baseline, and gSASRec [10] as a transformer-based sequen-
tial model for content retrieval to assess the impact of the approach
across different model types. Before we proceed with the experi-
mentation, we briefly outline ALS and gSASRec.

3.1 Alternating Least Squares

Alternating Least Squares (ALS) [5] decomposes the user-item in-
teraction matrix into lower-dimensional user and item latent factor
matrices through an iterative optimization process in which the
latent user representation is optimized while fixing latent item rep-
resentations, and vice versa. The optimization objective minimizes
the reconstruction error of the interaction matrix while applying
regularization to prevent overfitting:

. T .)\2 2 2
min Y (rui = Xy + Al? + llyi %) (1)
X,y 4
(u,i)eK
where ry; is the implicit feedback from user u to item i, x,,y;
are latent factors for user u and item i respectively, and A is a
regularization parameter.

3.2 Generalized Self-Attention for Sequential
Recommendation (gSASRec)

The gSASRec [10] model follows a decoder-only architecture iden-
tical to SASRec [7]. The order of the input sequence is encoded
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through positional embedding, and the models are trained to predict
the next item in the input sequence. We train the general-purpose
model using gSASRec to predict the next track (artist) in the user
listening history, and the task-specific models to predict the next
track (artist) in the discovery (familiar) sequence depending on
the task. The only difference from gSASRec to SASRec is the loss
function: in SASRec, binary-cross entropy (BCE) with sampled neg-
atives is used to allow for large catalog sizes. In the gSASRec paper,
it is shown that this can lead to overconfidence and a generalized
BCE loss function is introduced to calibrate:

log (o*(1(1=2)*2) (5,0)) + 3" log (1 - ()
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where s;+ is the score of the next item in the listening history,
I is the set of k randomly sampled items from the catalog, o(x) =

# is the sigmoid function, and «, t € [0, 1] are hyperparameters.

4 Experiments
We aim to answer the following research questions:

R1. By how much do task-specific models outperform post-hoc
filtering on general-purpose collaborative-filtering models,
and when is the performance gain most substantial?

R2. What is the impact of listening history condensation on
task-specific models?

R3. How do fine-tuned general-purpose collaborative-filtering
models compare to task-specific models?

R4. Are tasks T1-T4 sequential recommendation tasks?

4.1 Datasets

We test the performance gap between general-purpose collaborative
filtering models with post-hoc filtering and task-specific models on
two music recommender datasets: Deezer [18] and Yambda-5B [11].
We applied the following additional post-processing steps:

(1) Popularity Threshold: Tracks were included in the final
dataset only if they had been consumed by at least 50 unique cus-
tomers within the most recent 175 customer interactions. This
inclusion criterion ensures the exclusion of infrequently consumed
tracks that would otherwise provide insufficient behavioral signals
for robust model evaluation. (2) Yambda-Specific Listening Con-
sumption Filter: For tracks from the Yambda dataset, we imposed
an additional constraint requiring a minimum listening consump-
tion rate of 20%. This ensures that the evaluation considers only
tracks with meaningful engagement, excluding those where users
exhibited minimal listening behavior. (3) Sequence Length Filter:
Listening history sequences were filtered to include only those user
requests with a minimum length of 3 entries, while the maximum
sequence length was capped at 10,000 entries.

The postprocessed deezer dataset consists of listening histories
from 3,443, 895 users with 31,550 unique tracks and an average
listening history length of 204. Similarly, the postprocessed Yambda-
5B dataset consists of listening histories from 915, 937 users, but
its average listening history length of 2, 998 is substantially larger.
It contains both track and artist information, with 160, 362 unique
tracks and 25, 741 unique artists. We split both datasets into train,

WSDM Companion 26, February 22-26, 2026, Boise, ID, USA

validation, and test at user-level using a 90-5-5 split ratio. Please see
Table 1 for dataset statistics. Tasks T1 and T2 are defined on both
datasets, while T3 and T4 are only defined on Yambda-5B since
Deezer lacks artist information.

l Statistic H Deezer [ Yambda 5B ]
Number of users 3,443, 895 915,937
Number of tracks 31,550 160, 362
Number of artists N/A 25,741
Avg sequence length 204 2,998
Max sequence length 6,710 10, 000

Table 1: Dataset Statistics

4.2 Models

We use ALS [5] as representative for non-sequential collaborative
filtering methods and gSASRec [10] as representative for sequential
recommendation approaches. We train both models on the track
user listening histories to predict user-track relevance for Deezer,
resulting in a general-purpose baseline models for tasks T1 and T2.
On Yambda-5B, we train both models on the track listening history
to obtain baseline models for T1 (track discovery) and T2 (track
familiar listening), as well as on the artist listening history to obtain
baseline models for T3 (artist discovery) and T4 (artist familiar
listening), resulting in 4 baseline models for tasks T1-T4. In case
of ALS, we learn to predict whether a track or artist appears in the
listening history (at any position), whereas in gSASRec, we learn
to predict whether a track or artist will be listened to next given
the previous listening history by taking the order into account.

We performed hyperparameter optimization (HPO) on the base-
line models using Optuna [2] search algorithm and reused these
hyperparameters for the task-specific models. For ALS, we used
rank (latent dimension) = 20, maximum number of iterations = 15,
and regularization parameter A = 0.1. For the hyper-parameters of
gSASRec, please refer to Table 2.

l Hyperparameter [ Value ]
Embedding dimension 128
Number of transformer layers 2
Number of self attention heads 1
Intermediate FEN layer size 128
Dropout rate 0.09495572694179173
Weight decay 0.35520376809082366
Learning rate 0.0031804580753595846
Batch size 512
Maximum number of epochs 100
Number of negative samples 25
GBCE o 0.17112727113208503
GBCE ¢ 0.5559143804253861

Table 2: Hyper-parameters for gSASRec

4.3 Evaluation

We split the historical sequence H (u) for each user into train and
test partitions. For all tasks, we first filter items from the user
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listening history according to the task domain and then take the
last 10 filtered items to create the ground truth set for evaluation.
The remaining partition of sequence i.e H* (&)|4¢ ()10 is used
for training. For T1, the ground truth set consists of 10 most recent
track discoveries (i.e., tracks that the user did not listen to before).
For T2, the ground truth set consists comprises of 10 most recent
listens to familiar track (i.e., tracks that the user previously listened
to) within their listening history. Ground truth sets for T3 and
T4 are defined similarly on the artist level. We use the listening
history up until the last 10 items as model input and predict 100
items (tracks in case of T1 and T2, artists in case of T3 and T4). We
evaluate the quality of the predicted items using NDCG@100 and
Recall@100.

4.4 R1. By how much do task-specific models
outperform post-hoc filtering on
general-purpose collaborative-filtering
models, and when is the performance gain
most substantial?

Table 3 quantifies the performance differences between task-specific
and general-purpose models. For gSASRec on Deezer, on-task train-
ing achieves NDCG@100 improvements of +194.61% in T1 (track
discovery) and +53.04% in T2 (familiar track listening) over next-
track prediction training with post-hoc filtering. These substantial
gains nearly triple the performance on discovery tasks and demon-
strate the high opportunity cost of the standard industry approach.
The Yambda-5B dataset confirms these findings with NDCG@100
improvements of +43.26% (T1) and +2.68% (T2) for gSASRec when
trained on-task. Results for T3 and T4 in Table 4 show even larger
gains: NDCG@100 improvements of +111.49% (T3, artist discov-
ery) and +6.91% (T4, familiar artist listening). Across all discovery
tasks (T1, T3), the performance gains range from +43% to +195% in
NDCG@100. While we observe improvements for discovery tasks
(T1, T3) and familiar listening tasks (T2, T4), on-task training has a
stronger effect on discovery tasks. Since music listening histories
are dominated by familiar listening, this indicates that a model
trained on the listening history overfits on the data-rich tasks (T2,
T4) while underfitting on the data-sparse tasks T1 and T3.

Interestingly, for ALS, a non-sequential collaborative-filtering
model, we do not observe the same effect: on-task learning does
not consistently yield improvements. In tasks T1 (Deezer), T3, and
T4 NDCG@100 improves ranging from +0.35% to +1.53%, whereas
in tasks T1 (Yambda 5B) and T2 NDCG@100 decreases ranging
from —0.11% to —18.77%. We attribute this performance difference
to the sequential nature of the tasks and give further evidence on
this when discussing R4..

4.5 R2.What is the impact of listening history
condensation on task-specific models?

From the results in tables 3 and 4, we observe for gSASRec that
listening history condensation can have a strong positive impact
on NDCG@100 with improvements up to +21.38% (T2, on task
(5), Deezer) when compared to on-task training. It can however
also decrease performance when the condensation parameter is
too high: —4.54% for T1 on task (5) on Deezer. For ALS, listening
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history condensation has a negative impact across all tasks. This
suggests that listening history condensation can be an impactful
preprocessing technique for sequential models but its parameters
k need to be optimized as a hyperparameter. The experimental
results for gSASRec seem to suggest a unimodal relation, with
NDCG@100 improving with k until an optimal value is reached
and then decreasing again, but this warrants further investigation
as future work.

4.6 R3.How do fine-tuned general-purpose
collaborative-filtering models compare to
task-specific models?

Tables 3 and 4 quantify the performance of fine-tuning as an inter-
mediate approach between baseline models and fully task-specific

models. For discovery tasks T1 and T3, fine-tuning achieves NDCG@100

improvements of +66% to +139% over baseline models. This substan-
tially improves over post-hoc filtering but underperforms fully task-
specific models by 20% to 50%. This quantifies the cost-performance
tradeoff: fine-tuning captures 70-80% of the maximum possible gain
at a fraction of the training cost. For familiar listening tasks, fine-
tuning achieves even stronger results: NDCG@100 improvements
of +26% to +122% over baseline models, yielding the best or second-
best performing models on T2 and T4. We hypothesize that since
music listening histories are dominated by familiar listening behav-
ior (60-70% of interactions), the pre-training task aligns closely with
T2 and T4, where discovery data acts as a regularizer. For discovery
tasks T1 and T3, the baseline model’s overfit on familiar listening
quantifies to a 20 — 50% performance penalty relative to models
trained from scratch.

4.7 R4. Are tasks T1-T4 sequential
recommendation tasks?

To determine whether T1-T4 are sequential recommendation prob-
lems, we apply the methodology from [8] to the on-task-trained
gSASRec model: at test time, we measure the impact of shuffling
the input sequences uniformly at random. Essentially, this is a form
of permutation feature importance for the positional encoding in
the gSASRec model. Please see Table 5 for the results. Across all
tasks, we see a strong negative impact on both NDCG@100 and Re-
call@100 when shuffling the input sequence, ranging from —19.54%
(T4) to —57.56% (T1 Deezer). This indicates that the trained model
heavily depends on the order in which users discover content (tasks
T1 and T3) or listen to familiar content.

5 Conclusion

Industrial recommender systems often use a single embedding space
for multiple recommendation tasks by applying post-hoc filtering
on the target task domain. We have quantified the opportunity
cost of this practice through extensive experimentation across four
music recommendation tasks on two datasets. Our key quantita-
tive findings are: (1) task-specific sequential models outperform
general-purpose models with post-hoc filtering by +43% to +195%
in NDCG@100 for discovery tasks and +3% to +53% for familiar lis-
tening tasks; (2) listening history condensation provides additional
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T1: Track Discovery T2: Track Familiar Listening
Training ALS [ gSASRec ALS | gSASRec
N@100 [ R@100 | N@100 [ R@100 N@100 [ R@100 [ N@100 [ R@100
Dataset: Deezer
LH-track 0.1295 0.2816 0.09938 0.16526 0.37582 0.54421 0.19752 0.30076
on task 0.12995 0.28092 0.29277 0.40121 0.30529 0.36773 0.30229 0.38972
+0.35% -0.24% +194.61% +142.77% -18.77% -32.43% +53.04% +29.58%
on task (3) 0.0762 0.1996 0.2962 0.3976 0.24901 0.2356 0.33212 0.39872
-41.16% -29.12% +198.05% +140.58% -33.74% -56.71% +68.14% +32.57%
on task (5) 0.0568 0.1606 0.27947 0.3681 0.22558 0.1811 0.36692 0.39413
-56.14% -42.97% +181.22% +122.74% -39.98% -66.72% +85.76% +31.04%
FT on task N/A N/A 0.23689 0.38275 N/A N/A 0.3652 0.4944
+138.38% +131.60% +84.89% +64.38%
FT on task (3) N/A N/A 0.24268 0.38162 N/A N/A 0.4049 0.5037
+144.20% +130.92% +104.99% +67.48%
FT on task (5) N/A N/A 0.23623 0.35956 N/A N/A 0.4392 0.4809
+137.71% +117.57% +122.36% +59.89%
Dataset: Yambda 5B
LH-track 0.03093 0.07419 0.09907 0.16744 0.09001 0.14663 0.15886 0.23883
on task 0.03090 0.07463 0.14193 0.22933 0.08847 0.1232 0.16311 0.23461
-0.11% +0.59% +43.26% +36.96% -1.71% -15.98% +2.68% -1.77%
on task (3) 0.01592 0.04286 0.14784 0.23341 0.08701 0.09918 0.17268 0.23514
-48.53% -42.22% +49.23% +39.40% -3.33% -32.36% +8.70% -1.55%
on task (5) 0.01233 0.03450 0.14919 0.23258 0.08601 0.08509 0.19034 0.23833
-60.14% -53.50% +50.59% +38.90% -4.44% -41.97% +19.82% -0.21%
FT on task N/A N/A 0.13233 0.24084 N/A N/A 0.2007 0.2876
+33.58% +43.84% +26.34% +20.42%
FT on task (3) N/A N/A 0.13798 0.24665 N/A N/A 0.2204 0.2973
+39.28% +47.31% +38.74% +24.48%
FT on task (5) N/A N/A 0.14037 0.24502 N/A N/A 0.2544 0.3175
+41.69% +46.33% +60.14% +32.94%

Table 3: Experiment results for Tasks T1 and T2. Rows correspond to the different training approaches: LH-track is a baseline
model that was trained on the track listening history and predictions are filtered to track discoveries (T1) or familiar track

listens (T2) depending on the task. On task (k) refers to models that are

trained on the task directly, where k is the preprocessing

parameter for the condensing step. FT on task (k) refers to the LH model that was fine-tuned on task data, where again k refers
to the condensing parameter. For all training variants except fine-tuning, we train both models ALS and gSASRec on both tasks
and compute NDCG@ 100 and Recall@100, whereas the relative changes refer to the baseline LH-track models. The highest
metric values for each task are marked bold, the second highest is underlined.

gains of up to +21% for sequential models, though the optimal con-
densation parameter requires task-specific tuning; (3) fine-tuning
offers a practical middle ground, achieving +66% to +139% improve- [4
ments over baseline models (capturing 70-80% of maximum possible
gains on discovery tasks) while requiring only incremental training
costs. As future research direction, experiments suggest a unimodal
dependency between the listening history condensation parameter [6]
and model performance, yet this warrants more extensive experi-

[5

mentation. 7]
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T3: Artist Discovery T4: Artist Familiar Listening
Training ALS [ gSASRec ALS | gSASRec
N@100 [ R@100 | N@100 [ R@100 N@100 [ R@100 [ N@100 [ R@100
LH-artist 0.07569 0.20125 0.10185 0.15812 0.25998 0.37829 0.34277 0.3863
on task 0.07685 0.20364 0.2154 0.35164 0.26374 0.35773 0.36646 0.39676
+1.53% +1.19% +111.49% +122.39% +1.45% -5.43% +6.91% +2.71%
on task (3) 0.04707 0.13836 0.24395 0.38499 0.26213 0.32621 0.40846 0.42283
-37.82% -31.25% +139.51% +143.48% +0.83% -13.77% +19.16% +9.46%
on task (5) 0.03878 0.11806 0.2634 0.40584 0.2609 0.30438 0.44375 0.43569
-48.77% -41.33% +158.62% +156.67% +0.36% -19.54% +29.46% +12.79%
FT on task N/A N/A 0.16979 0.32156 N/A N/A 0.4326 0.487
+66.71% +103.36% +26.21% +26.07%
FT on task (3) N/A N/A 0.18614 0.34586 N/A N/A 0.4535 0.49407
+82.76% +118.73% +32.30% +27.90%
FT on task (5) N/A N/A 0.20365 0.36984 N/A N/A 0.5066 0.5136
+99.95% +133.90% +47.80% +32.95%

Table 4: Experiment results for Tasks T3 and T4 on the Yambda-5B dataset. Rows correspond to the different training approaches:
LH-artist is a baseline model that was trained on the artist listening history and predictions are filtered to artist discoveries (T3)
or familiar artist listens (T4) depending on the task. On task (k) refers to models that are trained on the task directly, where k is
the preprocessing parameter for the condensing step. FT on task (k) refers to the LH-artist model that was fine-tuned on task
data, where again k refers to the condensing parameter. For all training variants except fine-tuning, we train both models ALS
and gSASRec on both tasks and compute NDCG@ 100 and Recall@100. The highest metric values for each task are marked
bold, the second highest is underlined.

T1 T2 T3 T4
Input Order
N@100 [R@100 [N@100 [R@100 [N@100 [R@100 [[N@100 | R@100
l Dataset: Deezer ‘
in order 0.29277 | 0.40121 030229 | 0.38972 - - - -
shuffled 0.12424 | 0.19262 0.17416 | 0.25347 - - - -
-57.56% | -51.99% -42.39% | -34.96%
l Dataset: Yambda 5B
in order 0.14193 | 0.22933 0.16311 | 0.23461 0.2154 0.35164 036646 | 0.39676
shuffled 0.06607 | 0.11553 0.11958 | 0.18231 0.11545 | 0.21043 0.29485 | 0.3564
-33.31% | -31.00% -26.69% | -22.29% -46.40% | -40.16% -19.54% | -10.17%

Table 5: Performance of the gSASRec models that are trained “on task” in two scenarios at test time: in order, where the
user listening history is passed to the model in the correct order, and shuffled, where the user listening history is uniformly
randomly permuted.
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