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Abstract

This report synthesises findings from 14 peer-reviewed papers ad-
dressing the following research question: What is the impact of sparse
versus dense attention patterns on Llama-3’s robustness to noisy his-
torical contexts in few-shot sequential prediction tasks. 14 claims were
extracted from source literature; 0 were independently verified against
retrieved documents. An automated multi-reviewer quality assessment
produced a score of 3.5/10. This report is a machine-generated litera-
ture synthesis and does not constitute original research.

1 Introduction

This paper examines: Gated Sparse Attention: Combining Computational
Efficiency with Training Stability for Long-Context Language Models. Re-
search question: What is the impact of sparse versus dense attention patterns
on Llama-3’s robustness to noisy historical contexts in few-shot sequential
prediction tasks?.

2 Methodology

Systematic literature search across multiple databases yielded 14 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 3.5/10.

3 Results

14 papers retrieved. 14 claims extracted; 0 independently verified. Quality
review score: 3.5/10.



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 were trained from scratch with 1.7B X 0.10
parameters on 400B tokens from the SlimPa-

jama dataset.

The model architecture consists of 24 layers, a X 0.03
hidden dimension of 2048, 16 query heads, 4 key-

value heads, and SwiGLU

Training was conducted using a 4K context win- X 0.04
dow, while evaluation extended to 128K using

YaRN positional interpolation.

All experimental runs utilized 8$\times$ H100 X 0.00
GPUs.
On the MMLU benchmark, the GSA model X 0.02

achieved an accuracy of 61.4%, compared to

58.8% for the standard baseline.

On the GSMS8K benchmark, the GSA model X 0.02
achieved an accuracy of 56.0%, representing a

+3.1 point gain over the standard ba

On the RULER benchmark at 128K context X 0.06
length, the GSA model scored 62.2, while the

standard baseline scored 31.7.

Standard attention allocates nearly 50% of its X 0.05
probability mass to the first token, whereas GSA

reduces this allocation

Maximum activation magnitudes in GSA drop X 0.03
by an order of magnitude compared to standard

attention.

The use of gating allows for a 2%\ times$ higher X 0.03

learning rate without training instability com-

pared to baselines.

At 128K context length, the prefill cost for GSA X 0.07
drops by approximately 118\ times$ compared to

the baseline.

In ablation studies, output gating (G1) accounts X 0.03
for the majority of the quality gain, while value

gating (G2) provides

The Gated Lightning Indexer replaces ReLU X 0.13
activations with sigmoid functions to produce

bounded importance scores betwee

The selection budget k is adapted per query X 0.04
based on the variance of indexer scores, clamped

between k min and k_max.
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