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Abstract

This report synthesises findings from 15 peer-reviewed papers ad-
dressing the following research question: How does the inference la-
tency of DeepSeek-R1 compare to Llama-2-70B on GSM8K across dif-
ferent batch sizes and hardware configurations. Finetuning language
models on a collection of datasets phrased as instructions has been
shown to improve model performance and generalization to unseen
tasks. In this paper we explore instruction finetuning with a particu-
lar focus on (1) scaling the number of tasks, (2) scaling. 12 claims were
extracted from source literature; 11 were independently verified against
retrieved documents. An automated multi-reviewer quality assessment
produced a score of 8.5/10. This report is a machine-generated litera-
ture synthesis and does not constitute original research.

1 Introduction

This paper examines: Scaling Instruction-Finetuned Language Models. Re-
search question: How does the inference latency of DeepSeek-R1 compare to
Llama-2-70B on GSM8K across different batch sizes and hardware configu-
rations?.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.5/10.

3 Results

15 papers retrieved. 12 claims extracted; 11 independently verified. Quality
review score: 8.5/10.



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

Finetuning language models on a collection of
datasets phrased as instructions improves model
performance and generaliza

The study explores instruction finetuning focus-
ing on scaling the number of tasks, scaling the
model size, and finetunin

Instruction finetuning improves performance
across model classes PaLM, T5, and U-PaLM.
Instruction finetuning improves performance
across prompting setups including zero-shot,
few-shot, and CoT.

Instruction finetuning improves performance on
evaluation benchmarks MMLU, BBH, TyDiQA,
MGSM, and open-ended generation.
Flan-PaLM 540B was instruction-finetuned on
1.8K tasks.

Flan-PaLLM 540B outperforms PaLM 540B by an
average margin of +9.4%.

Flan-PaLM 540B achieves a score of 75.2% on
five-shot MMLU.

Flan-PaLM 540B achieves state-of-the-art per-
formance on several benchmarks.

Flan-T5 checkpoints were publicly released.
Flan-T5 achieves strong few-shot performance
compared to PaLM 62B.

Flan-T5 achieves strong few-shot performance
despite being smaller than PaLM 62B.
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