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ChatGPT and GPT-4

* Developed by OpenAl; eoe M- < a vtz n+ @

— ChatGPT 3.5 4

» Large language models; © v~

Please briefly introduce yourself.

 Language understanding and ® Chataer

Hello! I'm ChatGPT, an Al language model. I'm here to help answer questions, provide information,

and assist with various tasks you might have. Whether you need help with writing, research, or

generation; just want to chat, feel free to reach out!
« Broad knowledge;

» Adapted to different use cases.

ChatGPT can make mistakes. Consider checking important information.



Motivation of This Survey

« Comprehensively understand the pros and cons of ChatGPT and GPT-4:
« Language proficiency;
 Scientific knowledge;

* Ethical considerations.

* Analyze the limitation of current evaluation methods.
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Findings: Language proficiency
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Findings: Scientific knowledge
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 Education:
 Law;
 Economics.



Findings: Ethical considerations

« Fairn

a €SS Mohamed L Seghier. (2023). ChatGPT: Not all languages are equal. Nature,

« ChatGPT's performance in non-English languages was 615(7951):216-216.

. ) Yong, Z. X., et al. (2023). Prompting multilingual large language models to
nOtably poorer (Seghler’ 2023; Yong etal, 2023b)' generate code-mixed texts: The case of south east asian languages. In

« It significantly reduced gender and race bias compared to Proceedings of the 6th Workshop on Computational Approaches to

. . Linguistic Code-Switching (pp. 43-63).
previous versions (Zhuo et al., 2023). Zhuo, T. et al. (2023). Red teaming ChatGPT via jailbreaking: Bias, robustness,
R reliability and toxicity. arXiv preprint arXiv:2301.12867.
¢ ObUStneSS Ye, W., et al. (2023). Assessing hidden risks of LLMs: an empirical study on
- . . robustness, consistency, and credibility. arXiv preprint arXiv:2305.10235.

* ChatG' PT's ab”'ty to hand_le noISy data, outliers, and SQL Wang, J., et al. (2023). On the Robustness of ChatGPT: An Adversarial and Out-
injection was found to be inadequate (Zhou et al., 2023; Ye of-distribution Perspective. In ICLR 2023 Workshop on Trustworthy and
et al., 2023; Wang et al., 2023; Peng et al., 2023). Reliable Large-Scale Machine Learning Models.

Peng, X., et al. (2022). On the Security Vulnerabilities of Text-to-SQL Models.
 Reliabil |ty arXiv preprint arXiv:2211.15363.
Athaluri, S. A., et al. (2023). Exploring the boundaries of reality: investigating the

. Improvements in fact-based Q&A were not observed phenomenon of artificial intelligence hallucination in scientific writing

: ; through ChatGPT references. Cureus, 15(4).
compared tg e?r“e{ Vet.rsll?ns _(Zk}{(_)u et. al., 202,[?) T?t.erle are Deroy, A., et al. (2023). How ready are pre-trained abstractive models and LLMs
Concem_s about potential tabrications In scientific articles for legal case judgement summarization?. arXiv preprint arXiv:2306.01248.
(Athaluri et al., 2023) and legal cases (Deroy et al., 2023). Derner, E., & Batisti¢, K. (2023). Beyond the safeguards: Exploring the security
.. risks of chatgpt. arXiv preprint arXiv:2305.08005.
 Toxicity

« ChatGPT was found to be vulnerable to prompt injections
through role-playing (Derner and Batistic, 2023; Zhou et al.,
2023).



Discussion: Comparing GPTs vs. humans

« GPTs may not perform as well as experts or humans in NLP tasks with sufficient training data;

* However, they excel in scientific knowledge compared to earlier models;

« GPTs can outperform humans in specialist

knowledge but struggles with easy tasks;

« GPTs' pre-training focused on “what is right”,

Figure 7. While ChatGPT can easily learn to predict “bird” when prompted with “if an
animal has wings and can fly, it is likely a”, it struggles to learn from typical corpora that
predicting “penguin” is incorrect, because of the absence of explicitly learning from
negative samples.

neglecting “what is wrong”;
« Contrasting “thinking fast” with “thinking slow”;

* Altering the prompt wording can change the

output.

Image source: https://www.worldatlas.com/articles/highest-flying-birds.html  https://www.abc.net.au/education/curious-kids-do-penguins-fly-underwater/13943166



Discussion: GPT evaluation

« Different studies from different periods about the same task are not fully comparable;
» Data leakage may make the assessment unfair;

» The design of prompts highly influences the results;

» The factors that matter in previous NLP evaluations are still valid;

« Some evaluation tasks lack either objective criteria or large-scale benchmarks.



Discussion: Ethics

« Human perception about the reliability of ChatGPT’s output can be misled by its seemingly

HUMANS CHATGPT

scientific language style;

RRRRRRRR

 RLHF may be misled by
human-biased feedback, e.g.,

system gaming, positive

reward cycles, and more;

Figure 8. The concept mapping patterns between humans (left) and ChatGPT (right) from Mao et al. (2024).
Each cluster on the left represents target concepts, while on the right, the cluster represents source concepts.
 The conce pt prefe rence of Bright and grey dots denote activated and unactivated concepts, respectively. The capitalized terms represent

key activated concepts within a cluster.
ChatGPT may exhibit

potential cognitive biases.

Mao, R., et al. (2024). A Comparative Analysis of Metaphorical Cognition in ChatGPT and Human Minds.



Recommendations

Artificial Intelligence

W U YV W7 Y Wiy Yy

Task-agnostic evaluation is desirable;

Fundamental research is still valuable;

Al-generated content should be regulated;

The future of LLMs may need advances in
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Figure 9. Seven pillars for the future of Al (Cambria et al., 2023).

learning paradigms.

Cambria, E., et al. (2023). Seven pillars for the future of artificial intelligence. IEEE Intelligent Systems, 38(6), 62-69.



