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Abstract

Vision-Language Pretrained (VLP) models have achieved impres-
sive performance on multimodal tasks, including text-image retrieval,
based on dense representations. Meanwhile, Learned Sparse Retrieval
(LSR) has gained traction in text-only settings due to its interpretabil-
ity and efficiency with fast term-based lookup via inverted indexes.
Inspired by these advantages, recent work has extended LSR to the
multimodal domain. However, these methods often rely on computa-
tionally expensive contrastive pre-training, or distillation from a frozen
dense model, which limits the potential for mutual enhanc

1 Introduction

This paper examines: Sparse and Dense Retrievers Learn Better Together:
Joint Sparse-Dense Optimization for Text-Image Retrieval. Research ques-
tion: What is the comparative effect of graph sparsity versus density on the
F1-score performance of retrieval-augmented generation models in zero-shot
document categorization?.

2 Methodology

Systematic literature search across multiple databases yielded 16 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.6/10.

3 Results

16 papers retrieved. 10 claims extracted; 8 independently verified. Quality
review score: 7.6/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative

information.

5 Extracted Claims

Claim

Verified Confidence

The models are trained on the MSCOCO and
Flickr30k datasets using the standard Karpathy
split.

The MSCOCO dataset is split into 113.2k/5k/5k
(train/val/test) and the Flickr30k dataset is split
into 29.8k/1k/1k.

The models are implemented by loading BLIP
and ALBEF checkpoints that have already been
fine-tuned on each dataset.

All models, including the proposed model and
re-implemented baselines, are tuned using the
same set of hyperparameters i

Models are trained for 200 epochs and quadrat-
ically increase the regularization loss weights
$\eta$t and $\eta$i (Eq. 3).

The proposed model, fine-tuned from BLIP, con-
sistently outperforms all other sparse baselines
across both datasets and e

Comparing D2S and the proposed model (both
fine-tuned from BLIP and ALBEF) demon-
strates that the proposed strategy is mo

The bi-directional supervision from self-
knowledge distillation leads to better sparse
representations, an advantage not

The ablation study shows that the best config-
uration includes both self-knowledge distillation
and final layer fine-tuni

The proposed model achieves the highest RQ1,
R@5, and M@10 scores on both MSCOCO and
Flickr30k datasets when both self-k
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