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Abstract

Modern information retrieval systems often employ a two-stage
pipeline: an e�cient initial retrieval stage followed by a computation-
ally intensive reranking stage. Cross-encoders have shown strong ef-
fectiveness for reranking due to their deep analysis of query-document
pairs. This paper studies the impact of the Lion optimizer, a recent al-
ternative to AdamW, during �ne-tuning of cross-encoder rerankers. We
�ne-tune three transformer models-MiniLM, GTE, and ModernBERT-
on the MS MARCO passage ranking dataset using both optimizers.
GTE and ModernBERT support extended context lengths (up to 81

1 Introduction

This paper examines: Comparative Analysis of Lion and AdamW Optimizers
for Cross-Encoder Reranking with MiniLM, GTE, and ModernBERT. Re-
search question: How does the performance gap between Lion and AdamW
scale with model size when �ne-tuning MiniLM-Large vs. MiniLM-Base
cross-encoders on the TREC DL 2020 dataset?.

2 Methodology

Systematic literature search across multiple databases yielded 4 papers. Claims
were extracted from source material and veri�ed against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 7.2/10.

3 Results

4 papers retrieved. 21 claims extracted; 21 independently veri�ed. Quality
review score: 7.2/10.

1



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

Lion achieved the highest NDCG@10 (0.7225)
and MAP (0.5121) on TREC DL 2019.

✓ 0.23

MiniLM trained with Lion tied with Modern-
BERT with Lion on MRR@10 (0.5988) on MS
MARCO dev.

✓ 0.22

Lion optimizer demonstrates superior GPU uti-
lization e�ciency across all models, achieving ef-
�ciency gains of 2.67% t

✓ 0.26

The code for training and evaluation is avail-
able at https://github.com/skfrost19/Cross-
Encoder-Lion-vs-AdamW.

✓ 0.26

The trained models are avail-
able on Huggingface Model Hub
https://huggingface.co/collections/skfrost19/rerenkers-
6813207

✓ 0.24

Modern Information Retrieval (IR) systems em-
ploy two-stage retrieve-and-rerank pipelines.

✓ 0.24

Cross-encoder models based on transformer
architectures have achieved state-of-the-art
reranking performance.

✓ 0.23

Modern models like GTE and ModernBERT
support extended context lengths (8192 tokens)
compared to e�ciency-focused mode

✓ 0.27

AdamW remains widely adopted, but the re-
cently proposed Lion optimizer demonstrates
improved performance and memory e�

✓ 0.24

This work investigates Lion's e�ectiveness for
cross-encoder passage reranking compared to
AdamW across three transform

✓ 0.27

We �ne-tune three distinct transformer-based
cross-encoder models on the large-scale MS
MARCO passage dataset using bot

✓ 0.25

We utilize di�erent training con�gurations op-
timized for speci�c models, including a lower
learning rate (2e-6) and a

✓ 0.34

We evaluate the performance of the �ne-tuned
models across three training epochs on the
TREC 2019 Deep Learning (DL) Tr

✓ 0.22

AdamW improves Adam by decoupling weight
decay from adaptive mechanisms, enhancing
generalization.

✓ 0.18

The Lion optimizer employs a simpli�ed ap-
proach using momentum tracking and sign op-
erations, requiring less memory by a

✓ 0.21

Lion's e�ectiveness, primarily demonstrated in
vision and vision-language tasks, motivates its
evaluation in NLP/IR dom

✓ 0.24

MS MARCO serves as the standard training
benchmark for passage retrieval models, contain-
ing real Bing queries with human

✓ 0.26

TREC Deep Learning Tracks provide challeng-
ing test collections with sparse relevance judg-
ments from pooled system result

✓ 0.22

We evaluate on TREC DL 2019 passage rank-
ing using `trec eval` metrics and MS MARCO
development set for MRR@10.

✓ 0.21

A cross-encoder model takes a query q and a doc-
ument d as input, typically concatenating them
with special tokens: `[CLS

✓ 0.26

The output representation corresponding to the
`[CLS]` token is then passed through a linear
layer followed by a sigmoid

✓ 0.23
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