Instructing Large Language Models
to say “l don’t know”
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Why do we care?



“True wisdom is knowing what you don’t know.”
—Confucius



How do we define self-knowledge?



What is truthful Al?
« If Al says S, then S is true
« Verify by checking if S is true, not

checking beliefs.

Truthful

“It's a bird.”

Al system
Non-truthful
“It's a plane.”
Al system

What is honest Al?
* If Al says S, then it believes S.
« Verify by checking if S matches belief.

Al believes it’s

a bird
K
Honest
“It's a bird.”
Al system

Al believes it’s
abird

Dis-honest

A

“It's a plane.”

Al system



How do we evaluate self-knowledge?




Self-knowledge evaluation methods

The model does know how to commonly identify Alzheimer’s disease through an MRI scan

X The model doesn’t know how to cure Alzheimer’s disease
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How do we improve self-knowledge?




Self-knowledge improvement methods
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Our experiments with R-Tuning




Question: What's the capital of France? Answer:
g Certain Data D1

Question: What's the capital of France? Answer:

[Main paper] R-Tuning

g Instruction Tuning Data

Paris Question: When did Apple unveil M3? Answer:
Matched @ Uncertain Data Do
Paris Question: When did Apple unveil M3? Answer:

é Parametric Knowledge

2023.10.30

Unmatched

2020.1.23

R-Tuning
Modification

2023.10.30. | am unsure

Padding
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Full Fine-Tuning
16-bit precision
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In Domain(ID)

VS

Out Of Domain(OOD)
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Dataset Domain Model R-Tuning Vanilla
ParaRel ID OpenLLaMA-3B 93.23 92.89
00D OpenLLaMA-3B 69.41 68.42
MMLU ID OpenLLaMA-3B 24.96 24.19

00D OpenLLaMA-3B 24.75 26.08

Table 1: original. Single-task experiments of R-Tuning and Vanilla on ParaRel and
MMLU datasets with AP scores (%). ID and OOD denote in-domain and out-of-domain
settings, respectively. Best results for each row are in bold.

[Main paper] R-Tuning

Dataset Domain

Model

R-Tuning Vanilla

D OpenLLaMA-3B 91.12 81.11

ParaRel Qwen2.5-1.5B 90.62 63.86
00D OpenLLaMA-3B 61.16 60.32
Qwen2.5-1.5B 66.11 35.24

D OpenLLaMA-3B 32.44 23.59

MMLU Qwen2.5-1.5B 64.54 80.28
00D OpenLLaMA-3B 26.63 25.38
Qwen2.5-1.5B 65.41 80.24

Table 2: ours.
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