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Beyond ChatGPT: Opportunities, Risks, and Challenges from Generative Al

Chen Yongwel
(Research Department at Comparative Studies, Beijing 100029, P.R.China)

Abstract: The rise of generative Al represented by ChatGPT is revolutionary in the field of AT and it
may also be a key turning point from specialized Al to AGI. In terms of algorithms, the most
important thing is the breakthrough of the training algorithm and training architecture. At present,
the mainstream training algorithms in the market include five categories: Autoregressive Model,
Generative Adversarial Network, Variational Auto-Encoder, flow models, and diffusion models,
and among them, the most representative architecture is Transformer.

As a “General Purpose Technology”, Al can play an important role in many fields. Before the
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rise of generative Al, Al products on the market were mainly analytical AI. Their main function is to
help people predict and improve decision-making efficiency. This kind of Al cannot complete many
tasks independently, nor can it generate new content. In most cases, it can only serve as an auxiliary
role. However, generative Al is different. Because in addition to the similar prediction functions as
analytical AT, generative Al can also make judgments and generate content independently according
to decisions. Therefore, its application potential and economic impact are much greater than analytical
Al. Generally speaking, we can divide the application scenarios of generative Al into two parts: the
consumer side and the production side.

On the consumer side, the response scenarios of generative Al mainly include content production,
convenient interaction, and simplified production. On the production side, the impact of generative
AT is mainly reflected in accelerating automation, promoting technological progress through “combinational
innovation”, realizing the creation of new materials, and especially generating synthetic data.

Although the rise of generative Al can generate many new opportunities, it may also generate
many new problems. These issues include unemployment, income distribution and inequality, competition
and monopoly, intellectual property rights, security and privacy, ethics and ethics, energy and
environmental protection, etc.

In order to help the development of generative Al and overcome the various problems that it
brings about, the role of policies should be well played. First, appropriate industrial policies should
be adopted to guide the development of generative Al. In this process, it is not appropriate to target
at specific technical routes or products, but it should be based on encouraging competition among
different technical routes and products; attention should be paid to the construction of software and
hardware infrastructure to support the development of generative Al; and consideration can be given
to establishing a special research coordination organization to integrate the scattered research
resources. Second, employment and guarantee policies should be applied to solve the problems of
unemployment and income inequality caused by generative Al. In particular, we should focus on
supporting new forms of employment that can create more jobs and establishing a sound re-employment
training system. At the same time, the income inequality caused by Al should be adjusted through
taxation and transfer payments. Third, we should strengthen the construction of the legal system. In
particular, we should pay great attention to the issues such as intellectual property rights caused by
generative Al.

Keywords: Generative Al; AIGC; ChatGPT
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