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Abstract

This report synthesises �ndings from 15 peer-reviewed papers ad-
dressing the following research question: How does the adoption of
linear attention mechanisms a�ect the alignment performance of mul-
timodal models when processing mixed-domain datasets at varying
resolutions. 17 claims were extracted from source literature; 3 were
independently veri�ed against retrieved documents. An automated
multi-reviewer quality assessment produced a score of 4.4/10. This
report is a machine-generated literature synthesis and does not consti-
tute original research.

1 Introduction

This paper examines: On The Application of Linear Attention in Multimodal
Transformers. Research question: How does the adoption of linear attention
mechanisms a�ect the alignment performance of multimodal models when
processing mixed-domain datasets at varying resolutions?.

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 4.4/10.

3 Results

15 papers retrieved. 17 claims extracted; 3 independently veri�ed. Quality
review score: 4.4/10.
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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

Standard attention scales as O(N^2D). × 0.04
Linear Attention (LA) scales as O(ND^2). ✓ 0.16
Runtime measurements were averaged over 1000
runs after 100 warm-up iterations on an H200
GPU.

× 0.00

The experiment used FlashAttention-2 for stan-
dard attention and an optimized LA implemen-
tation from reference [13].

× 0.04

Log-log plot slopes show a scaling of O(N) for
Linear Attention.

× 0.10

Log-log plot slopes show a scaling of O(N^2) for
standard attention.

× 0.04

Linear Attention reaches approximately 10^3
lower time than standard attention at token
lengths of 4 $\times$ 10^6.

× 0.07

Experiments were implemented using Open-
CLIP.

× 0.02

ViT-S-16, ViT-B-16, and ViT-L-16 models were
trained on the LAION-400M dataset.

✓ 0.29

Global batch sizes for ViT-S-16, ViT-B-16, and
ViT-L-16 were 64, 16, and 4 respectively.

✓ 0.18

Training was conducted on four A5500 GPUs. × 0.01
Validation performance was measured using Im-
ageNet21K zero-shot accuracy.

× 0.10

The study employs an a�ne kernel de�ned as
f(x) = 1 + x.

× 0.02

The a�ne kernel formulation can be computed
in O(ND^2) time.

× 0.02

Normalizing query and key vectors ensures that
the dot product qi $\cdot$ kn is bounded be-
tween -1 and 1.

× 0.02

The proposed modi�cation omits the denomina-
tor in Equation 4 to address attention score de-
cay.

× 0.02

The proposed Equation 7 maintains attention
scores between 0 and 1.

× 0.03
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