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Abstract

Generative recommendation models can model user behavior as

sequences of events and provide a shared backbone for multiple recom-

mendation tasks. In production, however, pre-training gains do not au-

tomatically translate into downstream application improvements: task

headroom, repeated-training cost, serving latency, and item freshness

all a�ect transfer. We describe our experience scaling a generative

recommender from 2M to 1B backbone parameters, excluding embed-

ding and decoding layers, in a production-scale title recommendation

setting. Across multiple downstream tasks, we observe task-depen

1 Introduction

This paper examines: Towards Generalizable and E�cient Large-Scale Gen-
erative Recommenders. Research question: What is the correlation between
repeated-training costs and score stability when scaling generative recom-
mendation backbones across di�erent user behavior sequence lengths?.

2 Methodology

Systematic literature search across multiple databases yielded 11 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 3.0/10.

3 Results

11 papers retrieved. 17 claims extracted; 0 independently veri�ed. Quality
review score: 3.0/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

The 1B-backbone model improves MRR by
+22.5% for Task A compared to the 2M-
backbone baseline.

× 0.04

The 1B-backbone model improves MRR by
+11.3% for Task B compared to the 2M-
backbone baseline.

× 0.05

The 1B-backbone model improves MRR by
+7.4% for Task C compared to the 2M-backbone
baseline.

× 0.05

The 1B-backbone model improves MRR by
+28.1% for cold-start titles compared to the 2M-
backbone baseline.

× 0.06

Downstream integrations of the 1B-backbone
model have produced positive outcomes in mul-
tiple production A/B tests.

× 0.06

The 1B-backbone model excludes embedding
and decoding layers from the size count.

× 0.11

The shadow-tra�c evaluation involves 1M users. × 0.01
The largest gain on cold-start titles supports the
semantic-tower design in Section 6.

× 0.05

The scaling-law analysis shows less remaining
headroom for easier, time-dependent tasks.

× 0.08

The 1B-backbone model transfers across down-
stream integrations.

× 0.05

The 2M-backbone baseline has a P0 value of
0.31.

× 0.02

The 2M-backbone baseline has a P0 value of
0.60.

× 0.02

The 2M-backbone baseline has a P0 value of
1.07.

× 0.02

The 1B-backbone model shows a +11.3% im-
provement in MRR for Task B.

× 0.04

The 1B-backbone model shows a +7.4% im-
provement in MRR for Task C.

× 0.05

The 1B-backbone model shows a +28.1% im-
provement in MRR for cold-start titles.

× 0.06

The 1B-backbone model shows a +22.5% im-
provement in MRR for Task A.

× 0.04
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