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Abstract

While Dense Retrieval Models (DRMs) have advanced Information
Retrieval (IR), one limitation of these neural models is their narrow
generalizability and robustness. To cope with this issue, one can lever-
age the Mixture-of-Experts (MoE) architecture. While previous IR
studies have incorporated MoE architectures within the Transformer
layers of DRMs, our work investigates an architecture that integrates a
single MoE block (SB-MoE) after the output of the �nal Transformer
layer. Our empirical evaluation investigates how SB-MoE compares,
in terms of retrieval e�ectiveness, to standard �ne-tunin

1 Introduction

This paper examines: Investigating Mixture of Experts in Dense Retrieval.
Research question: How does Qwen3's Mixture-of-Expert (MoE) architec-
ture compare to dense models like Llama-3.1-8B in terms of context retrieval
robustness under noisy or adversarial inputs on benchmarks like ANLI or
HellaSwag?.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.6/10.

3 Results

15 papers retrieved. 15 claims extracted; 15 independently veri�ed. Quality
review score: 8.6/10.
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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

SB-MoE exhibited a noticeable improvement in
terms of NDCG@10 and Recall@100, especially
with models having fewer parame

✓ 0.29

On TinyBERT, SB-MoE leads to consistent per-
formance gains in both NDCG@10 and Re-
call@100 across all datasets.

✓ 0.24

On HotpotQA, SB-MoEALL achieved an
NDCG@10 score of .171 compared to .158 of the
�ne-tuned version.

✓ 0.30

For larger models like BERT and Contriever, the
integration of SB-MoE had a marginal impact.

✓ 0.27

On HotpotQA with BERT, SB-MoE achieved
similar or slightly worse retrieval performance
compared to Fine-tuned.

✓ 0.29

Performance gains with di�erent numbers of ex-
perts vary depending on the dataset.

✓ 0.22

In the case of NQ, the employment of 12 experts
maximizes NDCG@10, but Recall@100 is maxi-
mized with 9 experts.

✓ 0.27

The number of employed experts is a hyper-
parameter that requires tuning with respect to
the domain and the addressed re

✓ 0.25

SB-MoE builds upon a bi-encoder DRM archi-
tecture, which allows for independent encoding
of documents and queries.

✓ 0.20

Using a single encoder for both queries and docu-
ments improves robustness, without signi�cantly
a�ecting performance.

✓ 0.18

The gating function in SB-MoE is trained in an
unsupervised manner to combine the experts'
output for a given input.

✓ 0.26

The pooling module in SB-MoE is used in the
�nal stage to aggregate the experts' representa-
tions and produce the �nal

✓ 0.26

The experts in SB-MoE receive the input em-
bedding directly from the underlying model and
apply a series of transformatio

✓ 0.23

The gating function in SB-MoE produces an n-
dimensional vector of weights, which depicts the
likelihood of each expert b

✓ 0.28

SB-MoE relies on noisy Top-1 gating, as pro-
posed by Shazeer et al.

✓ 0.18
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