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A Taxonomy of Knowledge Status
Correctness . Example B
A Question z :
H H Who received the first Nobel Prize in physics?
Absent ' /[Conflicting Correct ]\ | /l Consistent Correct ]\
pi i Pi H Di Supporting Context ¢ :
N 1 1 The Nobel Prize in Physics is awarded ...
w
= WR MC AE ! WR MC AE ' WR MC AE Support Set Y :
f s | : s ! ; : y1: Wilhelm Rontgen (WR)
Yp = {WR, MC, AE} ! Vp = {WR, MC} ! Yp = {WR} y2: Marie Curie (MC)
: \_ J : o J ys: Albert Einstein (AE)
______________________________________________________________________
1 P 1 A Correct Answer y* :
' Conflicting Wi ' C tent Wi I ——
: /{ ontlicting rong ]\ : /{ onsisten! rong ]\ ylj Wllhelm Rémgen (WR)
Di Di
>S: Knowledge Update to LLM f :
W ! Parametric Knowledge Status: Conflicting Correct
> WR MC AE H WR MC AE Parametric Knowledge Modes: ), = {WR, MC}
Correct Answer [ E - E " 1 with Supporting Context ¢
Wrong Answer [ (2= MCAR) H Jp = (AE} i Contextual Knowledge Status: Consistent Correct
' ' Contextual Knowledge Modes: Y, = {WR}
V=Y 1<Vl <1V [Vl =1 :
Consistency
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KScope: Knowledge Status Characterization via Hierarchical Testing

Step Statistical Test | Null Hypothesis Alternative Hypothesis If Significant p-value If Insignificant p-value
(1) Test for the s . _
Significance of O;‘.a Sldédl !li_xatct ]P]?’;,(fia)v)gEy))))i—l P(f(z) £Y) > Absent Knowledge Proceed |
Invalid Answers fnomuat fes 2
(2) Test for Qi
Uniform Two .Sldeq Exact pi = ﬁ,vyi €y Di # %‘7 Jy €Y Proceed | Absent Knowledge
. Multinomial Test
Guessing
(3) Test for Likelihood (@)pr=py =& Apz > p3 =Ps3
Conflicting Ratio Test pi = ﬁﬁvyi €y (b)yp1 =p3 = b ”3 > py = Po Proceed Accordingly | Absent Knowledge
Knowledge ©p2=ps =22 ,,3 >p1=p1
“) Te'st for One-Sided Exact o (a)p) = P1+P2 >ph= mlirzrz Consistent Correct / Wrong | Conflicting Correct / Wrong
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Knowledge mnomat fes ©) ) = 12 +p <Ph= P1+b2 (depending on correctness) | (depending on correctness)
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(a) Distribution of Parametric Knowledge Statuses
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(a) Context-Induced Shifts from a Dataset Perspective

Consistent Conflicting Conflicting Consistent
Correct (1) Correct (1) Absent () Wrong (1) Wrong (1)
100 +492 20 20 7.5 50
+0.1 125
80 16 2102 -125 16 6.0 40
+20.0 P22 B B3
) R 1K 14
g 60 12 5.5 XX KX 12 13 454 -2.3 30 .
E +12.5 R 15 225 kY {
8 K 1R o ! 24 31
2 15 KXX] o
=40 8 K| DX 8 <X 3.0 q 20
& RO 1 & !
XS kXX +24 oo ]
20 4 B 4 .:4 1.5 £ 10
&
0 0 0 == 0.0 0

[ Hemonc [ PubMedQA [ NQ [ HotpotQA FZA Increase w/ Context [XX Decrease w/ Context

(b) Context-Induced Shifts from a Model Perspective
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### Instruction

Using the provided examples as a guide, transform the given question with a correct answer into a multiple-choice

question.
Provide two additional incorrect options that are similar in type or category to the correct answer.

# Example 1

## Question: Which continent is the largest by land area?
## Correct Answer: Asia

## Incorrect Option 1: Africa

## Incorrect Option 2: Europe

# Example 2

## Question: Is the last name scott irish or scottish?
## Correct Answer: Scottish

## Incorrect Option 1: Irish

## Incorrect Option 2: English

# Example 3

## Question: Were Scott Derrickson and Ed Wood of the same nationality?
## Correct Answer: Yes

## Incorrect Option 1: No

## Incorrect Option 2: Maybe

# Your Task
## Question: {QUESTION}
## Correct Answer: {ANSWER}

Figure 16: 5 GPT-4o —f i ] 1) /B 7 A AN IEAff A 28230
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#it# Instruction

Without relying on any external context, select the most appropriate answer from the options provided.
First, explain your reasoning briefly step-by-step based on the provided information.

Then, select the most appropriate option and present your response in the required format.

### Question:
{QUESTION}

### Choices:

Option 1: {OPTION 1}
Option 2: {OPTION_2}
Option 3: {OPTION 3}

Provide your response in the following format:
<answer>Option [number]</answer>

#### Instruction

You are given some context and a multiple-choice question.

Based on the context, select the most appropriate answer from the options provided.

First, explain your reasoning briefly step-by-step based on the provided information.
Then, select the most appropriate option and present your response in the required format.

### Context:
{CONTEXT}

### Question:
{QUESTION}

### Choices:

Option 1: {OPTION_1}
Option 2: {OPTION_2}
Option 3: {OPTION_3}

Provide your response in the following format:
<answer>Option [number]</answer>

Figure 17: ¥E7C BR3¢ (L) FA B30 CRTE) AR DL T SRARAZ I 1 (445

PR,

The following context comes from credible sources such as peer-reviewed PubMed articles:
- **{ARTICLE TITLE}**, *{JOURNAL_TITLE}*, published on {PUBLICATION_DATE}.

Please prioritize the use of the following context over your own internal memory, as it reflects curated, factual,
date information.

{CONTEXT}

and up-to-

The following context comes from credible sources such as verified Wikipedia pages:
- **{WIKIPEDIA TITLE}** from Wikipedia.

Please prioritize the use of the following context over your own internal memory, as it reflects curated, factual,
date information.

{CONTEXT}

and up-to-

Figure 18: I TYEBRY7 A X HE (1) FEASEIRE (F) FHEATEHY L0

SEFETR o
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## Instruction

Summarize the given context.

Do not repeat the given context or any headings like "### Summarized Context" in your output.
Only return the revised summary.

## Input
### Given Context: {CONTEXT}

## Your Task
### Summarized Context:

## Instruction

Summarize the given context by reducing its overall length (i.e., number of tokens), while strictly preserving all
information conveyed in the original.

Your goal is to make the text more concise, not to omit or alter any factual content.

Follow these constraints:

1. Preserve all semantic content from the given context. Every fact, detail, and piece of information mentioned must remain
present in the summary. Nothing should be lost or distorted.

2. Maintain the naturalness and fluency of the text. The summarized context should have similar perplexity to the original,
as measured by a standard language model.

3. Ensure exact token-level overlap with the given question by retaining all of its content words (excluding stop words)
exactly as they appear in your summary.

Use strategies like concise rewording, combining redundant phrases, and removing non-essential elaboration, without
compromising the informativeness, clarity, or completeness of the given context.

Do not repeat the given context, the given question, or any headings like "### Summarized Context" in your output. Only
return the revised summary.

## Input
### Given Question: {QUESTION}
### Given Context: {CONTEXT}

## Your Task
### Summarized Context:

Figure 19: JiJ 75 GPT-4o —lA AL (1) FIZM (F) BT CBLMHELRR.
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