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Abstract

This report synthesises findings from 6 peer-reviewed papers ad-
dressing the following research question: How does the inference ef-
ficiency (latency, FLOPs) of GNNs pre-trained with MoCL compare
to those pre-trained with traditional graph autoencoders (e.g., VGAE,
GAE) when evaluated on multi-task. 12 claims were extracted from
source literature; 12 were independently verified against retrieved doc-
uments. An automated multi-reviewer quality assessment produced a
score of 8.8/10. This report is a machine-generated literature synthesis
and does not constitute original research.

1 Introduction

This paper examines: A Comprehensive Survey on Pretrained Foundation
Models: A History from BERT to ChatGPT. Research question: How does
the inference efficiency (latency, FLOPs) of GNNs pre-trained with MoCL
compare to those pre-trained with traditional graph autoencoders (e.g., VGAE,
GAE) when evaluated on multi-task molecular benchmarks like Molecu-
leNet?.

2 Methodology

Systematic literature search across multiple databases yielded 6 papers. Claims
were extracted from source material and verified against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 8.8/10.

3 Results

6 papers retrieved. 12 claims extracted; 12 independently verified. Quality
review score: 8.8/10.



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

Pretrained Foundation Models (PFMs) are re-
garded as the foundation for various downstream
tasks with different data moda

A PFM is trained on large-scale data which pro-
vides a reasonable parameter initialization for a
wide range of downstream

BERT, ChatGPT, and GPT-4 are examples of
Pretrained Foundation Models (PFMs).

BERT learns bidirectional encoder representa-
tions from Transformers.

BERT models are trained on large datasets as
contextual language models.

The generative pretrained transformer (GPT)
method employs Transformers as the feature ex-
tractor.

The GPT method is trained using an autoregres-
sive paradigm on large datasets.

ChatGPT applies an autoregressive language
model with zero shot or few shot prompting.
The study provides a comprehensive review of
recent research advancements, challenges, and
opportunities for PFMs in tex

The review covers basic components and existing
pretraining methods used in natural language
processing, computer vision

The review explores advanced PFMs used for
different data modalities and unified PFMs that
consider data quality and qua

The review discusses research related to the fun-
damentals of PFMs, such as model efficiency.
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