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Abstract
Industrial recommender systems typically operate in two stages:
retrieving a candidate set from a large catalog, then ranking those
candidates using contextual information. The ranking stage relies
on features that summarize a user’s prior interactions with the
system. These features are often carefully hand-crafted, and design-
ing and maintaining them is time-consuming and computationally
expensive. In this paper we propose leveraging the user and item
embeddings already produced in the retrieval stage as input features
to the downstream ranking model, and fine-tuning them for the
ranking objective. We motivate this direction with A/B test results
from a large-scale music streaming platform, where retrieval-stage
user embeddings improve ranking performance even without fine-
tuning. Our results suggest that representations learned for retrieval
can reduce the reliance on expensive hand-crafted ranking features,
and that fine-tuning them offers a promising path to further gains.
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1 Introduction
Industrial recommender systems are typically organized in two
stages [3]: a retrieval stage that selects a small set of candidate items
from a large catalog, and a ranking stage that orders those candi-
dates using richer contextual signals. The ranking model usually
consumes features that summarize each user’s prior interactions
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with the system, such as user-item affinity scores and counts of past
interactions (e.g., like, skip, and follow signals in music streaming
platforms). These features are effective, but they are largely hand-
crafted [19]: designing them requires substantial engineering effort,
and keeping them fresh is computationally expensive, since they
must be recomputed and stored as user behavior evolves. At the
same time, the retrieval stage is increasingly powered by sequential
models that already learn item embeddings and a user embedding
summarizing a user’s interaction history [7, 13, 15]. This raises the
natural question whether the representation learned for retrieval
can be reused to inform ranking, reducing the reliance on expen-
sive hand-crafted features. Reuse is appealing because user and
item embeddings from the sequential recommender are already
computed in the pipeline, with user representations that can be
refreshed at request time, offering a more responsive alternative
to hand-engineered features. We explore this direction by taking
the user and item embeddings produced by a sequential retrieval
model and supplying them as input features to a production rank-
ing model. We report A/B test results from a large-scale music
streaming platform showing that leveraging embeddings improves
ranking performance even without fine-tuning them for the rank-
ing task. Motivated by this result, we argue that the more promising
direction is to fine-tune the retrieval embeddings end-to-end for
the ranking objective, so that a single learned representation can
progressively replace hand-crafted affinity and count features.

Our contributions are: (i)we propose reusing retrieval-stage user
and item embeddings as ranking features, and fine-tuning them for
the ranking task as a path toward retiring expensive hand-crafted
features; (ii) we provide online A/B evidence that even non-fine-
tuned user embeddings improve a production ranking model; and
(iii)we outline the open questions this raises for end-to-end training
across retrieval and ranking.

2 Method
We consider a standard two-stage recommender. The retrieval stage
selects a candidate set from the catalog, and the ranking stage scores
each candidate using user, item, and contextual features. As a base-
line, we take a deep neural ranking model [2, 8, 20] whose inputs
include hand-crafted features that summarize the user’s history,
such as user-item affinity scores and count-based features that can
depend on the number of past interactions of a given type. These
are the features we aim to complement and, ultimately, replace.
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As a proxy for the embedding retrieval model we consider gSAS-
Rec [9, 14], a self-attentive sequential model which, given a user’s
chronologically ordered interaction sequence, encodes the user’s
history into an embedding that can be used to score items for re-
trieval. We treat this embedding, namely the model’s summary of
the user’s state after their most recent interaction, as a learned user
representation. This embedding is computed at request time, taking
into account the user’s latest interactions with the system, without
a separate feature-computation pipeline. We extract this embed-
ding and supply it as an additional input to the ranking model,
concatenated with the existing features. In the configuration we
evaluate online, gSASRec is trained for its retrieval objective and its
parameters are frozen when its output is consumed by the ranker,
so no ranking-specific signal flows back into the embedding. This
lets us isolate the value of the representation itself, independent of
any adaptation to the ranking task. The configuration is deliber-
ately conservative, since the embeddings are optimized for retrieval
rather than ranking; we therefore propose fine-tuning the retrieval
embeddings for the downstream ranking objective by propagating
the ranking loss into the embeddings, or into a lightweight adapter
over them, so that a single learned representation can take over the
role of the hand-crafted affinity and count features.

3 Related Work
The idea of learning a user representation once and reusing it
across tasks is well established. DUPN [12] learns universal user
embeddings shared acrossmultiple e-commerce tasks; PeterRec [18]
pretrains a representation on interaction sequences and adapts it
to downstream objectives via parameter-efficient adapters; Spo-
tify’s generalized user representations [5] centralize representation
learning so downstream models consume a shared embedding. In
industrial ranking, TransAct [17] instead trains a dedicated real-
time sequence module end-to-end on the ranking objective, and
SRP4CTR [6] transfers sequential pretraining into a CTR model
through a cross-attention bridge. Our proposal shares the multi-
task ambition of the first group but differs in three ways. First, our
shared backbone is a sequential retrieval model (gSASRec) which
computes embeddings on the fly at request time, staying responsive
to the user’s most recent interactions, rather than being precom-
puted in batch [5, 12]. Second, we show the representation transfers
as a plain, frozen input feature with no task-specific adaptation, in
contrast to adapter- or bridge-based transfer [6, 18] and to in-ranker
end-to-end training [17]. Third, our objective is to replace expen-
sive hand-crafted features per task; we report online A/B evidence
on ranking as a first instance, and envision fine-tuning the item
and user embeddings learned at the retrieval stage into a family
of task-specialized embeddings (e.g., ranking) as the longer-term
direction.

4 Online Experiment
We ran an A/B test on a ranking use case in a music streaming plat-
form. The only difference between control and treatment was the
presence of the responsive user embedding. Successful playbacks (a
play of at least 30s) rose by 0.50% and listening hours by 0.16% (both
𝑝 < 0.005), indicating better ranking quality. Stratifying requests
by listening-history length, the embedding lifts per-request reward

in every cohort, so the gain is broad-based rather than segment-
specific. Lifts are smallest for cold-start users and largest at medium
history, consistent with the embedding adding sequential signal
that accrues with playbacks. Notably, cold-start users with no his-
tory still gain (+0.38%): despite an empty sequence, gSASRec learns
a useful prior for the no-history state rather than a constant.

5 Ablation Study
The online gain is additive on top of the engineered features; we
next ask offline how much of them the embedding can replace. We
target the user-item features also derived from listening history —
genre, artist, and recency affinity — in a 2×2 design crossing the em-
bedding with removal of this group, retraining a ranker per cell and
scoring it on one week of held-out traffic via position-bias-corrected
off-policy estimation [1, 4, 10, 11, 16]. Removing the features costs
the no-embedding ranker 4.1% of reward but the embedding ranker
only 0.8% (Table 1; significant, disjoint intervals). The embedding
thus subsumes most, though not all, of these features’ signal. Full
retirement is not yet possible, but the embedding recovers most of
their contribution despite seeing only listening history — not the
explicit follows and likes the features also use — which makes it a
strong source of user signal for ranking.

6 Discussion
Our result suggests that a sequential model trained for retrieval
already captures user signal that a ranking model can exploit, even
with no adaptation. This opens a broader direction: rather than
maintaining separate hand-crafted feature pipelines per task, a sin-
gle sequential model could serve as a shared backbone, fine-tuned
into task-specialized embeddings for ranking and other downstream
tasks. Several questions remain open. It is unclear how much of the
hand-crafted feature set such an embedding can ultimately replace;
our preliminary offline study, in which we drop a subset of these
features in favor of the user embedding, is encouraging but partial.
Further testing will reveal whether adding item embeddings can
capture higher-order information beyond the existing features. The
choice between full fine-tuning and lightweight adapters trades off
accuracy against the cost of maintaining many task-specific vari-
ants, and on-the-fly generation must remain within the ranker’s
latency budget. Finally, sharing a backbone across tasks raises the
risk of negative transfer, which a multi-task formulation would
need to manage. We see these as the central challenges in turn-
ing the present result into a practical, maintainable alternative to
hand-crafted features.
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