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Abstract

This report synthesises findings from 14 peer-reviewed papers ad-
dressing the following research question: To what extent does co-
augmentation training improve the alignment stability of code genera-
tion models against syntax-preserving adversarial attacks as measured
by pass@k scores on the HumanEval. This paper surveys evaluation
techniques to enhance the trustworthiness and understanding of Large
Language Models (LLMs). As reliance on LLMs grows, ensuring their
reliability, fairness, and transparency is crucial. 15 claims were ex-
tracted from source literature; 8 were independently verified against
retrieved documents. An automated multi-reviewer quality assessment
produced a score of 6.7/10. This report is a machine-generated litera-
ture synthesis and does not constitute original research.

1 Introduction

This paper examines: Enhancing Trust in LLMs: Algorithms for Compar-
ing and Interpreting LLMs. Research question: To what extent does co-
augmentation training improve the alignment stability of code generation
models against syntax-preserving adversarial attacks as measured by pass@k
scores on the HumanEval dataset?.

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 6.7/10.



3 Results

14 papers retrieved. 15 claims extracted; 8 independently verified. Quality
review score: 6.7/10.

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
Perplexity Measurement is a key evaluation met- X 0.14

ric for assessing LLM performance.

NLP metrics such as BLEU, ROUGE, ME- v 0.30

TEOR, BERTScore, GLEU, Word Error Rate,
and Character Error Rate are used to evaluate

Zero-Shot and Few-Shot Learning Performance v 0.19
are important metrics for evaluating LLMs.

Transfer Learning Evaluation is a key metric for X 0.15
assessing LLM performance.

Adversarial Testing is used to identify weak- X 0.12
nesses in LLMs.

Fairness and Bias Evaluation are crucial for en- v 0.18
suring the reliability of LLMs.

LLMMaps is an innovative approach for strati- X 0.13
fied evaluation of LLMs.

Benchmarking and Leaderboards are used for X 0.12
competitive assessment of LLMs.

Stratified Analysis is used for in-depth under- v 0.16
standing of LLM performance.

Visualization of Blooms Taxonomy is used to v 0.19
show cognitive level accuracy distribution in

LLMs.

Hallucination Score is used to quantify inaccu- X 0.08
racies in LLMs.

Knowledge Stratification Strategy is used for hi- X 0.14
erarchical analysis of LLMs.

Machine Learning Models are used for Hierarchy v 0.15
Generation in evaluating LLMs.

Human Evaluation is highlighted for capturing v 0.24

nuances that automated metrics may miss in

LLM evaluation.

Future papers will describe metric visualization v 0.22
and demonstrate each approach on practical ex-

amples.
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