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Abstract

This report synthesises �ndings from 4 peer-reviewed papers ad-
dressing the following research question: How do language models com-
pare to human experts on professional knowledge and science bench-
marks v15. 15 claims were extracted from source literature; 0 were
independently veri�ed against retrieved documents. An automated
multi-reviewer quality assessment produced a score of 3.7/10. This
report is a machine-generated literature synthesis and does not consti-
tute original research.

1 Introduction

This paper examines: LLM-as-a-Judge: Rapid Evaluation of Legal Docu-
ment Recommendation for Retrieval-Augmented Generation. Research ques-
tion: How do language models compare to human experts on professional
knowledge and science benchmarks v15.

2 Methodology

Systematic literature search across multiple databases yielded 4 papers. Claims
were extracted from source material and veri�ed against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 3.7/10.

3 Results

4 papers retrieved. 15 claims extracted; 0 independently veri�ed. Quality
review score: 3.7/10.

1



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

The study evaluated several metrics, including
Cohen's Kappa, Krippendor�'s Alpha, Spear-
man's rank correlation, Kendall

× 0.09

The study did not evaluate every available IRR
metric, such as Fleiss's Kappa and the Brennan-
Prediger coe�cient.

× 0.01

Bloomberg Law faces unique challenges in eval-
uating RAG systems due to the high accuracy
standards required for legal co

× 0.05

The evaluation was conducted on two legal RAG
systems operating over a comprehensive legal
corpus re�ecting real produc

× 0.05

Each RAG system consists of two critical com-
ponents: a retrieval component that identi�es
relevant legal documents, and

× 0.03

System A utilizes traditional BM25 retrieval
combined with an open-source LLM summarizer
applied to the top 5 retrieved

× 0.04

System B incorporates improvements in the
retrieval system and employs the proprietary
GPT-4 model by OpenAI as the summ

× 0.01

The evaluation framework speci�cally targeted
both the retrieval e�ectiveness through search
relevancy assessment, and

× 0.08

Retrieval Augmented Generation (RAG) e�ec-
tively enhances the capabilities of LLMs by in-
tegrating external knowledge sou

× 0.09

Traditional automated evaluation metrics such
as ROUGE and BLEU depend on reference re-
sponses, which limits their e�ect

× 0.06

Human evaluations are typically considered the
gold standard due to their accuracy, but they are
impractical at large sc

× 0.03

Recent advances in LLMs have sparked interest
in their potential as automated evaluators, par-
ticularly in specialized do

× 0.04

GPT-4 has shown promise in achieving human-
level agreement on certain tasks.

× 0.03

Recent studies have identi�ed key challenges in
using LLMs as judges, including cognitive biases,
self-preference, and

× 0.03

Researchers have explored committee-based ap-
proaches using multiple LLM and specialized
training to address limitations

× 0.04
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