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Abstract: Since OpenAl released the chat robot ChatGPT, the large models that are expected to become
artificial general intelligence widely enter public life, which causing continuous high popularity in all walks of
life. In terms of the training data and the text generation ability of large models, they not only “own” hundreds
of billions of training datasets, but also can smoothly generate all kinds of text tasks, which is shown as
“knowledgeable”, that is they know everything and say everything. In terms of the essence of the ability of large
models, they will suffer from the metaphysical dilemma embodied in lack of the ability of belief and justification,
that is, the large models do not have the basic conditions to form knowledge, so they are “ignorant”. Returning
to Aristotle’s theory of ignorance and moral responsibility, under the standard and new views of the definition
of ignorance, this paper analyzed the classification of moral responsibility of multiple ignorance states of large
models: a priori ignorance and the general ignorance in empirical ignorance should not bear moral responsibility,
while the non-robust ignorance in empirical ignorance should bear responsibility.

Key Words: Large language models; Moral responsibility; Ignorance; Artificial intelligence ethics; Deep
learning
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M IEFETTAE AT DAHERR, 76 N TR e,
FAAEF LA AMEFE (robot ethics ) 5 HL#F{E HE
( machine ethics ) f94r 32, V& H 0T AT
X LA AN, FEE 2= K JE i
( Nicholas of Cusa ) AFHL, A 1R ) JC R 2 —
A JERIIE SR FLBR G B AR, 2 I TR T 7
“HHERPTCH” A 2R, B
HEARAE . BB PR RS, s
XN R, R, 3 AR TR Y
TH AU LA R A FR AN 1) A% A T BE D A
TF k3 8 H R AR DA DA L 55

(5 % 3 k]

[1]Bommasani, R., Hudson, D. A., Adeli, E., et al. 'On the
Opportunities and Risks of Foundation Models'[J]. arXiv
Preprint, 2021, arXiv: 2108.07258.

[2]Hinton, G. E., Salakhutdinov, R. R. 'Reducing the
Dimensionality of Data with Neural Networks'[J]. Science,
2006, 313(5786): 504-507.

[3]McCulloch, W. S., Pitts, W. 'A Logical Calculus of the
Ideas Immanent in Nervous Activity'[J]. Bulletin of
Mathematical Biology, 1943, 5: 115-133.

[4]Vaswani, A., Shazeer, N., Parmar, N., et al. 'Attention is All
You Need'[J]. arXiv Preprint, 2017, arXiv: 1706.03762.
[5]Radford, A., Narasimhan, K., Salimans, T., et al. Tmproving
Language Understanding by Generative Pre-Training'[EB/
OL]. https://cdn.openai.com/research-covers/language-
unsupervised/language_understanding_paper.pdf. 2018-

06-09.

[6]Radford, A., Wu, J., Child, R., et al. 'Language Models
are Unsupervised Multitask Learners'[EB/OL]. https://cdn.
openai.com/better-language-models/language models_are
unsupervised multitask learners.pdf. 2019-02-15.

[7]Brown, T. B., Mann, B., Ryder, N., et al. 'Language
Models are Few-Shot Learners'[J]. arXiv Preprint, 2020,
arXiv: 2005.14165.

[8] Anderson, P. W. 'More is Different'[J]. Science, 1972,
177(4047): 393-396.

(9] Ber. FHEH ., FillA&. @AM RE 5GPk
Lo [ EREBERE T, 2022, 37 (9) 1 1290-1299.

[10]Kazemi, M., Mittal, S., Ramachandran, D. 'Understanding

Finetuning for Factual Knowledge Extraction from

Language Models'[J]. arXiv Preprint, 2023, arXiv:



64 (HIRBEFH-EIM) #4685 5591 (20244F9 1 ) : 56-64

2301.11293.

[11]Yasunaga, M., Leskovec, J., Liang, P. 'LinkBERT:
Pretraining Language Models with Document Links'[J].
arXiv Preprint, 2022, arXiv: 2203.15827.

[12]Liang, P., Bommasani, R., Lee, T., et al. 'Holistic
Evaluation of Language Models'[J]. arXiv Preprint,
2022, arXiv: 2211.09110.

[13]Xie, S. M., Raghunathan, A., Liang, P., et al. 'An
Explanation of In-context Learning as Implicit Bayesian
Inference'[J]. arXiv Preprint, 2021, arXiv: 2111.02080.

[14]Pierre, L. M., Peels, R. 'The Nature of Ignorance: Two
Views'[A], Peels, R., Blaauw, M. (Eds.) The Epistemic
Dimensions of Ignorance[ C], Cambridge: Cambridge
University Press, 2016, 12-32.

[15]Feldman, R., Conee, E. 'Evidentialism'[J]. Philosophical
Studies, 1985, 48(1): 15-34.

[16]Searle, J. 'Minds, Brains, and Programs'[J]. Behavioral

and Brain Sciences, 1980, 3: 417-458.

(17] ZE/K o0, M S Rb2E IMD. W 3€ 123, bl s
fikt:, 2006, 22.

(18] WML 24l JR 45 Th vl (i (M. B 33, bt
i 55 E431H , 2003.

[19]Rosen, G. 'Culpability and Ignorance'[J]. Proceedings of
the Aristotelian Society, 2003, 103: 61-84.

[20]Fitzpatrick, W. '"Moral Responsibility and Normative
Ignorance: Answering a New Skeptical Challenge'[J].
Ethics, 2008, 4: 589-613.

[21]Wallach, W., Asaro, P. Machine Ethics and Robot
Ethics[M]. London & New York: Routledge, 2016.

[(22] BB TR I # IR TEAT M. FRIA . R
W, JEAT: A BRI, 1988.

[FriEmit T4 #BE]





