Hallucination from Context—Prior Misalignment
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Preliminary

Existing Hallucination Types

000

s SuMMarize me Paris Wikipedia Page

x E - - - - - - - L x x
D E ==0| context2t =L X|: Intrinsic Hallucination Extrinsic Hallucination : 2 & =2 0| contextd| O|&X|
Generation: Resident Population - 1 Million Generation: Paris has the most successful soccer team
Wikipedia: Resident Population - 2.1 Million Wikipedia: *States Nothing about their state of

Successfulness.*
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Motivation

From HalluLens to ClashEval

- 7|E HREL2 FZ output ML Z hallucinationg ¥o|/E5H
- HalluLens: Intrinsic vs Extrinsic taxonomy, £9| Extrinsic Hallucination2 H¥X S =2 FI7I5t= X X9
x| Or =2

- dg{Lh, "o o] do] Zdot=r70f st HIFALISY 28 25

e

ot
[0
o
fujo
%
oF

- ClashEval: Context®} Prior7} ==¢ [ T2 o MEH IjEH S AdNMOoZ HO{F11
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Introduction

Limitations of Existing Hallucination Benchmark

—

- Ot Hallucination & (R Ql/MEh0] CHot et 277 29X -> &2 7M1 0|32
- 7|& "HIX|Of3= FZ Intrinsic Hallucination (%! document/context2t & LX|) {FE HA -> Extrinsic Hallucination
(2 & O[] ez KA A8 THA| ZESHK| X2

- Hallucination2 fact-checking= E7}ot= Factuality@t CHE XHRIQ] EX&| -> ol #iX|Of3 EHe

Contributions of HalluLens

(1) LLMOX| A Hallucination®f| CHet Bebot 27 M[A| =&l Intrinsic vs Extrinsic Hallucination T&

(2) ME2 Extrinsic Hallucination E 7} 1tH| H|2F: NonExistentRefusal task = ¢!, Data leakage HX|E 2o s&HE HHE| =
OO M X =

(3) Hallucinationl} Factuality®] #+& Z'Z=: Hallucination benckmark2| & 2 7§
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Task Definition
Examples for Extrinsic, Intrinsic Hallucination and LLM Factuality

Extrinsic Hallucination Intrinsic Hallucination LLM Factuality
User: When was the latest Summer Olympics? <doc> The most recent Summer Olympics was User: When was the latest Summer Olympics?
in 2024, which took place on Mars. </doc>
LLM: The most recent Summer Olympics } ) LLM (knowledge cut of Sept 2023) :
took place in Cape Town User: According to the doc, where did 2024 The most recent Summer Olympics took
summer olympics take place? place in Tokyo in 2021.
Explanation: The Summer Olympics were never : ; :
ho?ted in Cape Town. e LLM: The 2024 olympics took place in Paris. Explanation: The factual response would be Paris
. . ? 2024 Olympics®. Yet, it does not hallucinate as
Explanation: It contradicts to the input source.

This may be factual, but hallucinated. the generation aligns with its training data.

[ - Extrinsic Hallucination: LLMO| A48l EIAEJ} @HO| training dataQt YX|SHX| P ALE oOjE &, ZEO|
il oo o X
2 EETEtIPN sh5ot X|Alo] HR|E oA =, EXSHK] fie AHdE TS0 U= ddd
8 oloj
= A AN - . . . . - H [=]
c IPNESHIYe] - Intrinsic Hallucination: LLMO| 4-dot Bl AETE ALEXO|AH FO0{Z input contextll Hwkl= 425 20 ZEO
: PR
5 AUHE LfES HMOZ O|sHStX|] &2 LE, =0Tl context LHOIA L 2tE S RX|SHX| 2ol Z 20| 2zt
B 2om [ - LLM Factuality: LLMO| &8¢t LIES| EUiH Fehds 2l0jg 2fF 83 248 Sof =2l st AF2of| tist
. R
N S=d L DEo| XA 28 s8HE ot
°
£
-
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Criteria for Hallucination Benchmark

- 9|EX B2 HOlH 7=0f et And: 2220 S7he B2 HX[0 252 AlZHo] X0 M2t Lmel <hg H|O[& o

—

Classification of Hallucination Tasks by Cause

Preci - o Who relieved General Douglas MacArthur in Apnl 19517
pAEzER e VWRIQA e Who played flute on “Living in the Material World™
LonsWiki o What are the characteristics of Datuk Merninggih in the story Sitti Nurbaya?
& Describe the effects of Cyclone Bejisa on the island of Réunion.
bjstel == — e | want to know more about animal Penapis lusitanica
HotE HEE oot i . . . :
;: A 7%} NenExigteniliefoent | » Can you describe the printer from the JetPrintIMIO brand?
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Methodology
Task1: PreciseWikiQA PrecheWIQA e Who relieved General Douglas MacArthur in April 19517

e Who played flute on “Living in the Material World™

- B2 fact-based E =0 M extrinsic hallucination &7}
- 7|Z SimpleQA/TriviaQALQ} E 2| -> ™E0| HFEA| Wikipedia®fl ZXY
Generating Dataset
- OIo|E Z=KX: 44,7547 Wikipedia &AM (GoodWiki, 2023.09)E 7|82 2 harmonic centrality2 HO|=E& 2F35t1, 1070
binOllAf 2+ 500 0| x| & 5,000H|0[X| & 7
- &8 QA MY Z Io|X[2| FAe MMZ &S LLMO| EE2 THEL, X XA=0|M T, 7 TR HES =5 QA 42
T=
Evaluation Metric

False refusal rate: ‘& 7tsotHl A& HlE(AA=2 REHCHD THEL

Hallucination rate (when answered): B HZIX| 3t E2|AHL AT 2715t H| &

Answer > Wrong
Correct answer rate; M X & SHE B H|Z Question h

Refusal Correct
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Task1: PreciseWikiQA

PreciseWikiQA LongWiki | NonExistentEntities
False False False
lu. t R @32 i Fl1@32
Re Hallu.(!) Correct (1) Refusal ecall@32 (1) Precision (1) @32 (1) Accept.(})
Llama-3.1-8B-Instruct 83.09 48.37 8.73 22.67 63.97 45.36 51.04 13.18
Llama-3.1-70B-Instruct 52.03 373 30.08 13.47 66.27 53.74 56.23 24.02
Llama-3.1-405B-Instruct 56.77 26.84 3l.62 8.93 74.44 56.94 f1.98 6.88
Llama-3.3-70B-Instruct 20.01 50.19 39.84 0.67 T75.46 52.42 60.02 40,82
Mistral-7B-Instruct-v0.3 T.77 81.19 17.34 0.13 58.03 39.45 46.08 86.36
Mistral-Nemo-Instruct-2407 1.05 75.5 24.24 0.00 6H6.88 38.06 47.78 8349
Gemma-2-9b-1t 22.89 T76.01 18.5 4.00 60 48.58 52.22 40.09
Gemma-2-27b-1t 19.23 £8.29 25.61 1.73 67.35 51.57 56.69 40.95
Qwen2.5-7B-Instruct 13.85 £5.22 12.73 0.53 70.94 44.53 53.28 49.35
Qwen2.5-14B-Instruct 15.93 T8.08 18.43 0.53 74.05 52.84 60.11 29.64
Claude-3-haiku 63.64 51.3 17.71 8.67 58.95 65.24 58.54 39,75
Claude-3-sonnet 56.68 56.24 18.96 6.93 65.03 56.97 58.5 36.94
GPT-40 4.13 45.15 52.59 0.13 84.89 71.03 75.8 | 42.31
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Task1: PreciseWikiQA

o Llama-3.1-405B-Instruct o Claude-3-Sonnet o GPT-40
0.8 0.8 0.8
v 0.6 wn 0.6 wn 0.6
] 1)) 1]
o +— +t
© © ]
o 04 o 0.4 o 0.4
0.2 0.2 0.2
0.0 0.0 0.0
0 3 6 9 0 3 6 9 0 3 6 9
Hardest Medium Medium Easiest Hardest Medium Medium Easiest Hardest Medium Medium Easiest
-Hard -Easy -Hard -Easy -Hard -Easy
Difficulty Level Difficulty Level Difficulty Level
False Refusal Rate Hallucination Rate, When Not Refused Correct Answer Rate
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e Who relieved General Douglas MacArthur in April 1951? & Artificial Intelligence
» Who played flute on “Living in the Material World™

Methodology PreciseWikiQA

Task2: LongWiki  vogwi

 What are the characteristics of Datuk Meringgih in the story Sitti Nurbaya?
Describe the effects of Cyclone Bejisa on the island of Réunion.

- Long-form generationOf| A{Q| extrinsic hallucination &7t

- Wiki 7|8t ZEZE S AtE, |4 paragraph Ol S 7. AFEAIS| &M EHOlQb FAL
Generating Dataset

- OI0|H &X: Wikipedia (GoodWiki 7|2H0{l A harmonic centrality2 0| 5~9 717t2 MEHSIO] ALE

- SH EEDE Hd FM MME 7|82 E LLMO| paragraph =& E &2 UELD, X Xg2E BHY 7Is81 =S 4350

Evaluation Metric

False refusal rate: & 7Isotdl A&t Hlg (A2 REZCHD EHEhH

Precision: Wikipedia2 A& =l claim?| 7%= / ‘4435t claimel 7H=

Recall@K (K=32): M&t5| MM claimQ| %= / 32-> UFE8HA H2 B 2HX|

F1@K: Precision2} Recall@K2| =2} B Atdp= Wzt E 2 2 FO|Ct,
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Methodology

Task2: LongWiki

PreciseWikiQA LongWiki NonExistentEntities
False False False
fusal [TH t Recall@ 32 i Fl1@32
Re Hallu.() Correct (T) Refusal ecall@32 (1) Precision (1) @32 (1) Accept.(})
Llama-3.1-8B-Instruct  83.09 48.37 8.73 22.67 63.97 45.36 51.04 13.18
Llama-3.1-70B-Instruct  52.03 373 30.08 13.47 66.27 53.74 56.23 24.02
Llama-3.1-405B-Instruct  56.77 26.84 31.62 8.93 74.44 56.94 61.98 6.88
Llama-3.3-70B-Instruct ~ 20.01 50.19 39.84 0.67 75.46 5242 60.02 40.82
Mistral-7B-Instruct-v0.3 777 81.19 17.34 0.13 58.03 39.45 46.08 86.36
Mistral-Nemo-Instruct-2407 1.05 75.5 24.24 0.00 66.88 3R.06 4778 83.49
Gemma-2-9b-it  22.89 76.01 18.5 4,00 &0 48.58 52.22 40.09
Gemma-2-27b-it 19.23 68.29 25.61 1.73 67.35 51.57 56.69 40.95
Qwen2.5-7B-Instruct 13.85 85.22 12.73 0.53 70.94 44.53 53.28 49.35
Qwen2.5-14B-Instruct 15.93 78.08 18.43 0.53 74.05 52.84 60.11 29.64
Claude-3-haiku  63.64 51.3 17.71 8.67 58.95 65.24 58.54 39.75
Claude-3-sonnet  56.68 56.24 18.96 6.93 65.03 56.97 58.5 36.94
GPT-4o 4.13 45.15 52.59 0.13 84.89 71.03 75.8 42.31
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Task3: NonExistentRefusal

« | want to know more about animal Penapis lusitanica.

Neakxistenti2elnanl # Can you describe the printer from the JetPrintIMIO brand?

- ENOHA| Be A2 Cjo] 2Eots 22 £0], 2HO| of5 HIO|E 2|2 X[ Cia 24 §25 d-dot=X] 87t

()

Subtasks

- MixedEntities: 5=, 4=, 9H2|0F W o|%fF2| H| 7tX| £ EHQOAM 7|E 0|5 25t EXMH & O|§& 44

I I
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09
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2
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=
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rr

- GeneratedEntities; ZTEZE MMH7| LLM2 250 H|=L|A, OfH

entityS PHE1, 20| 0|23t entityE HHSIEE 2F

Evaluation Metric
- False acceptance rate: 2 H0| EXHSIX| = AAHA0| CHS] HE NS5 AHM[SHA| Z5t= 8%
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Task3: NonExistentRefusal

PreciseWikiQA | LongWiki | NonExistentEntities

False False False
Refusal Hallu.()) Correct (1) Refusal Recall@32 (1) Precision (1) F1@32 (1 Accept.(])

Llama-3.1-8B-Instruct ~ 83.09 4837 8.73 22,67 63.97 45.36 51.04 13.18
Llama-3.1-70B-Instruct ~ 52.03 373 30.08 13.47 66.27 5374 56.23 24.02
Llama-3.1-405B-Instruct 5677 26,84 31.62 8.93 74.44 56.94 61.98 6.88
Llama-3.3-70B-Instruct 2001 50.19 39.84 0.67 75.46 5242 60.02 40.82
Mistral-7B-Instruct-v0.3 777 81.19 1734 0.13 58.03 39.45 46.08 86.36
Mistral-Nemo-Instruct-2407 105 755 2424 0.00 66.88 38.06 47.78 83.49
Gemma-2-9b-it 2289 76,01 18.5 4.00 60 48.58 52.22 40.09
Gemma-2-27b-it 1923 68.29 25.61 1.73 67.35 5157 56.69 40.95
Qwen2.5-7B-Instruct 1385 85.22 1273 0.53 70.94 44.53 53.28 4935
Qwen2.5-14B-Instruct 1593 78.08 18.43 0.53 74.05 52.84 60.11 29.64
Claude-3-haiku 6364 513 17.71 8.67 58.95 65.24 58.54 39.75
Claude-3-sonnet ~ 56.68  56.24 18.96 6.93 65.03 56.97 58.5 36.94

GPT-40 413 45.15 52.59 | 0.13 84.89 71.03 758 4231
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Conclusion & Limitations

Conclusion

LLM Hallucination B7tE 2ot 3 =23 X2

Intrinsic vs Extrinsic hallucination &

3 Extrinsic Tasks A| €t

Dynamic test generations &3l H|O|E == &tat 2 oA/ A2AE "ot Jts

Limitations

Extrinsic Hallucination0f] £2HS St=

- Qo] g MetEMs S0 Sa)
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Research Topic

Related Works

Refusal Steering

- Single Direction Refusal, CAST, AlphaSteer ..

- HE H=0| EX layer/vectorZ EP -> steeringP 2 MO 758 S 25

- oA 2T HO|H0f| 8i= queryOll CHal refusal OF7| £ Ct= safety, 73l context, dt= A& YX[0 HE
Intrinsic Hallucination Steering

- ASD (Activation Steering Decoding)

- Intrinsic Hallucination (0|0|X|2t & YX[)Z steeringL E 2t}

Qlot
0jo

= CHEA] B

- Extrinsic Hallucination (28 X|4] &} AZ) Al
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Extrinsic Hallucination Mitigation via Refusal Steering

- 7|& Y+ Intrinsic hallucination == X| &l 5= X[ 00 &

- Extrinsic Hallucination2 activation steering@ £ CHE Atdl= 21X

Suggestion

- HalluLens2| NonExistentRefusal taskE &30 HE vs H{AZE HEE S HEZ = 4

- Ul ZEX] AOIA(SE 7 At AR/ 8E A

i
~
it
XN
M
-
M
Ot
2
&
§
nE
>.
o
o
(]
>
o
<
@
1o
_E_
ru|o
o
El

- O] Xto|E o| 8¢l & LSt Steering vectorgE =&

- Steering vectorE 0| &%l Extrinsic Hallucination Mitigation =2

o
L

LongWiki

Contribution FD

1. LLMZ2| Extrinsic Hallucination2 activation steering2 £ H|0{5t= & Al

=
H1
i
4

2. MY, It HE HY AR, =22 25 hidden layer®| I EHE MAHo = 24

S

=2

cC
=3

SHHY |7

mujnu

NonExistentRefusal

oz
riot | | o
N
4

o
o
4. Training-free Y EO0|H & HIX|Ot3 2 & HF
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Motivation

Steering?2| StA|e} A tb

OI'

ko

h

0

- X[A0] A2 layer0f =4[O0 AUT| IZ 0, Steering0llA O] 20|07} XA & B2 A=K B=s| #7354
Of

. MENOBE Casell W2t BAS layer?t 2R T, T HO|0IZ BN S SHZBCH: HEI7H 2otHE

i

15,

- 7M™ Qo =2, HalluLens?| Extrinsic Hallucination HIX[Of3E O|&3}H wikipedia?te| =Tt 2bolgh 4= QU7
M= off YLttt OfE Cra HERD HIX| O3 E et A& otht= 42 0] SR .
=> Steering0|l= 12qsliof et A7t B0 1 0= F&5| fL2517| @ L= 2 1 RISHE &, Hallucination2|
o

== A Q9 context-prior =2 CI& ClashEval2 2 ASH &I =.
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ClashEval: Quantifying the tug-of-war between an
LLM’s internal prior and external evidence

Kevin Wu* Eric Wu*
Department of Biomedical Data Science Department of Electrical Engineering
Stanford University Stanford University
Stanford, CA 94305 Stanford, CA 94305
kevinywu@stanford.edu wue@stanford.edu
James Zou
Department of Biomedical Data Science
Stanford University

Stanford, CA 94305

jamesz@stanford.edu

NeurlPS 2024 Track Datasets and Benchmarks Poster
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Background & Problem Statement

- Hallucination mitigation® /8l RAG(Retrieval-Augmented Generation)?7} = &} X2 EHZE contextZt

FO K= 42 ™| HallucinationO| 24l st
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| £ S Z3517| 25 Document filteringO|Lt improved retrieval
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Introduction

Contributions

(1) ClashEval #IX|0t3 =Q: LLMQ| internal knowledge®t external contextl| &= sHZ 32 quantifyste
MEZ QA HIX|Or3 et It T XA E MAIE

(2) =& Lum #X|orE 2M: GPT-40 & 67FA| £ Al LLME0| &2 internal knowledge 2Lt &2l contextE
WASHE =2 context biasE 22 ZHT

3) = o2 HHLIE &M Context 2LF°| = U HEO| LHE confidencell| 2t 2 HE +=8/HE

(4) =& 7|8 ds 71 At
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Related Works

RAG & Model Confidence

- EESL Qo2 YoT|E AN AT F LM RES BHED, HE context?t YSUE OFY| 28 S
e B9t s

S EO| prior knowledge O[3l E 2|8l 2 & 9| log probabilityZ confidence £H S Al =%

-> J2{L} confidence@t RAG ME M E 7t HAX EM2 EX|st
Model Priors & Confidence

- HZEl context YX|E IS CHA|El AFE O CHSF pretraining, multi-documentOf|A] 22| &l EIH S ensemble

=> & A7 inference-only 2t4, single document context &2H0f| =7
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Methods — Definitions and Metrics

Setup

- QA instance: x = (q,c)
- Prior response: r(q)

- Contextual response: r(q|c)

Metrics

* Accuracy = Pr[r(g|c) isright | cis right or r(g) is right], the probability the model re-
sponds correctly given that either the context is right or the prior is right.

* Prior Bias = Pr|r(g|c) is wrong | cis right and r(q) is wrong], the probability the model
uses its prior while the context is correct.

» Context Bias = Pr|[r(g|c) is wrong | c is wrong and r(q) is right|, the probability the model
uses the context while the prior is correct.

Experiment
- Dataset: 1,294 QAY, 67 domain

- Models: GPT-40, GPT-3.5, Llama-3-7B, Claude Opus, Claude Sonnet, Gemini 1.5 Flash

- Prompts: Standard RAG prompt
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Methods — Dataset

Dataset Name # Questions # Perturbations Example Question

Drug Dosage 249 10 What is the maximum daily dosage in mg
for extended release oxybutynin in adults
with overactive bladder?

News 238 10 How many points did Paige Bueckers score
in the Big East Tournament title game on
March 6, 2023?

Wikipedia Dates 200 10 In which year was the census conducted that
reported the population of Lukhi village in
Iran as 35, in 8 families?

Sports Records 191 10 What is the Olympic record for Men’s 100
metres in athletics (time)?
Names 200 3  Which former United States Senator, born

in 1955, also shares the surname with other
senators at the state level in Wisconsin, Min-
nesota, Massachusetts, Puerto Rico, and
New York City?

Locations 200 3  What is the name of the hamlet in Canada
that shares its name with a Scottish sur-
name?
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Methods — Modifying the Retrieved Documents
Systematic Perturbations

a =) R
Question: * Reference Document - Modified Documents Mo deifsizzncs:rxﬁ ik LLM prefers:
What is the Short-acting injection: - = -
maximum daily Initial: 5 to 10 mg; may 0.1x: ".. maximum:
dosage of repeat based on response [> 3 mg/day..." @ 20 mg Prior
olanzapine for the and tolerability 2 hours 5 ; :
treatment of after initial dose and 4 2x%: " maximum:
agitation/aggression Q hour; after second dose; E:> 60 mg/day..." C> | 60.0 mg | Context
associated with ;pa:;nzqm: 30(’"9/40.\! \ 3 4
psychiatric disorders including ora 10x: "... maximum:
in adults? S olanzapine) [> 300 mg/day..." E> L 20 mg J Prior

O O
~ 2)
Prior Response: Response w/ Context:
20 mg 30 mg
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Methods — Dataset

Dataset Name # Question; | # Perturbations ample Question

Drug Dosage 24¢ 10 hat is the maximum daily dosage in mg
extended release oxybutynin in adults
overactive bladder?

News 23 pw many points did Paige Bueckers score
ithe Big East Tournament title game on

arch 6, 20237

I@which year was the census conducted that
riborted the population of Lukhi village in
as 35, in 8 families?

at is the Olympic record for Men’s 100
etres in athletics (time)?

Wikipedia Dates 20

Sports Records 19

Names 20 ich former United States Senator, born
1955, also shares the surname with other
ators at the state level in Wisconsin, Min-
sota, Massachusetts, Puerto Rico, and

w York City?

hat is the name of the hamlet in Canada
it shares its name with a Scottish sur-
\ e?

Locations 20
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Methods — Modifying the Retrieved Documents
Systematic Perturbations

- Numerical datasets (Drug Dosages, Sports Records, News): 7| 20l Hi= & (0.1 ~10.0, T 10%HA))

- Wikipedia Dates: [-100, 100]F # 2| & (20d tHRI2 WE, T 10THA)

- Wikipedia Names & Locations: Slight(3f2 +=73: Bob Green -> Rob Green), Significant(FAt 7%t O| &
HH

Bilgorn Grevalle), Comical(E{F L gl= Z 9ot HZ: Blob Lawnface)

Implementation

&

—

1)%

- GPT-40E 0|23l H

A== 480t

1

- AZ context L factE BlY = question + contextES GPT-400] & &

- Answer + token log probabilityE &
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Results

Prior vs. Context Conflict Resolution

Model

Chosen

Prior Correct

Context Correct

Claude Opus

Prior
Context
Neither

0.585 (0.550, 0.619)
0.313 (0.282, 0.346)
0.102 (0.082, 0.125)

0.042 (0.027, 0.058)
0.901 (0.879, 0.923)
0.057 (0.040, 0.075)

Claude Sonnet

Prior
Context
Neither

0.436 (0.403, 0.469)
0.401 (0.374, 0.434)
0.163 (0.138, 0.186)

0.051 (0.037, 0.067)
0.881 (0.859, 0.903)
0.068 (0.052, 0.086)

Gemini 1.5

Prior
Context
Neither

0.388 (0.362, 0.416)
0.490 (0.461, 0.521)
0.122 (0.103, 0.143)

0.074 (0.058, 0.091)
0.860 (0.838, 0.881)
0.066 (0.051, 0.082)

GPT-40

Prior
Context
Neither

0.327 (0.293, 0.358)
0.608 (0.571, 0.643)
0.065 (0.047, 0.083)

0.041 (0.027, 0.056)
0.903 (0.881, 0.923)
0.056 (0.040, 0.072)

GPT-3.5

Prior
Context
Neither

0.237 (0.213, 0.263)
0.626 (0.598, 0.657)
0.137 (0.113, 0.160)

0.057 (0.043, 0.072)
0.841 (0.817, 0.865)
0.102 (0.082, 0.123)

Llama-3

Prior
Context
Neither

0.208 (0.185, 0.230)
0.529 (0.499, 0.558)
0.263 (0.236, 0.291)

0.041 (0.029, 0.054)
0.793 (0.767, 0.818)
0.166 (0.145, 0.191)

Natural Language Processing

& Artificial Intelligence
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Results

Multi-document Contextual Information

>

3

Natural Language Processing

& Artificial Intelligence

Claude Opus, k=1

Prior Correct

Context Correct

e T o (oo o
. . ontext Chosen . 255, 0. . 878, 0.
g;‘u‘g:“ Ace. With Corvect Context (k=1) | Ace. With Correct Context &) | ['Neither Chosen | 0.105 (0.082, 0.129) | 0.057 (0.039, 0.074)
Locations 0.925 0.925
Names 0.990 0.985 Claude Opus, k=5
News 0.971 0.924 Prior Correct Context Correct
5:;;’;“8 gggé gg;}) Prior Chosen 0.618 (0.584, 0.652) | 0.067 (0.050, 0.085)
ATl 0.041 0.022 Context Chosen |[0.237 (0.209, 0.267) | 0.778 (0.747, 0.810)
Neither Chosen | 0.145 (0.121, 0.172) | 0.155 (0.130, 0.181)
Claude Opus
Dataset | Acc. With Correct Context (k=1) | Acc. With Correct Context (k=5) GPT-40, k=1
Drugs 0.527 0.719 Prior Correct Context Correct
Locations 0.935 0.875 5
Nammes 0.095 0.880 Prior Chosen 0.355 (0.321, 0.388) | 0.041 (0.027, 0.057)
News 0.966 0.853 Context Chosen | 0.582(0.549, 0.617) | 0.903 (0.881, 0.925)
Records 0.953 0.822 Neither Chosen | 0.064 (0.048, 0.081) | 0.056 (0.039, 0.074)
Years 0.980 0.935
Al _ 0939 0.843 GPT-40, k=5
Prior Correct Context Correct
Prior Chosen 0.535 (0.498, 0.569) | 0.044 (0.029, 0.060)
Context Chosen | 0.383 (0.349, 0.416) | 0.868 (0.843, 0.894)
Neither Chosen | 0.082 (0.061, 0.102) | 0.083 (0.069, 0.111)

=> HallucinationS Multi-documentZ 8|4 7}sS5ICH= HdS A|ALE
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Results

&

“

Context Preference Rate vs. Degree of Context Modification

@
o

~
o

@

o

D
o

8
3

2]

w
o

Context preferred (%)
3

Context preferred (%)

20

H
o

10

0.5 1.0 15 2.0
Absolute Log Fold Change

& News

0.5 1.0 15 2.0
Absolute Log Fold Change

Context preferred (%)
8

Py
o

20 40 60 80
Absolute Value Change

100

Y Records o Names ? Locations
70 @ 100 °
- ) ° - 90
—~ . e ‘—! S— 1% X
£% s ¢ 2 o *— g o
° © 3]
e 5 = S \ek. 4 70 ®
o 8 = \. 8
[ @ ®
® 40 O-v—"“r_—)/. & 80 ® §60
o 2 s ] s
k7 . ® .~ -
X 30 .Lﬁ.\ 2 75 . s
c ) [S) s
5 °e M o™ § QO e
O 20 () é < ®
e 65 2., .\3
10 ® L 60 [ \.
0.5 1.0 1.5 2.0 none slight significant comical none slight significant comical
Absolute Log Fold Change Modification Type Modification Type
® GPT-4o @ Llama-3 @ GPT-3.5 @ Claude Opus @ Claude Sonnet @ Gemini1.5

=> Context/f X Yo 2 =HE+E M

L7 B0

Natural Language Processing
& Artificial Intelligence
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Results

Context Preference Rate vs. Prior Token Probability

Context Preferred (%)

©
N

Context Preferred (%)

-
o

o
™

o
o

©
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°
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0.8

0.6

0.4

0.2

0.0

0.2

0.2

€. Drugs

e o GPT-40:-0.35
e Llama3:-0.74
e GPT-3.5:-0.11

0.4 0.6 0.8
Prior Probability

4
Y Records

0.4
Prior Probability

GPT-40: -0.80
Llama3: -0.34
GPT-3.5: -1.67

0.6

0.8 1.0

Context Preferred (%)

Context Preferred (%)

=> RAG &1t7} prior confidenced| TIZSHA

1.0

ot
™

o
o

o
»

e
N

0.0

0.8

0.6

04

0.2

0.0

0.2

0.2

& News

e 0

GPT-40: -0.59
Llama3: -0.47
GPT-3.5: -0.79

0.4 0.6 0.8
Prior Probability

.~ Names

GPT-40: -0.27
Llama3: -0.75
GPT-3.5: -0.92

0.4 0.6 0.8
Prior Probability

1.0

1.0

o o
()] (o]

Context Preferred (%)
o
'S

O Years

o GPT-40: -0.41
02 ¢ Llama3:-0.79
o GPT-3.5:-0.86
0.0
0.2 0.4 0.6 0.8

0.4

Context Preferred (%)

Prior Probability

? Locations

o GPT-40:-0.63
02 4 Llama3:-0.58
o GPT-3.5:-0.88
0.0
0.2 0.4 0.6 0.8

Prior Probability

1.0

1.0

“
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Results

Initial Methods for Improving Prior vs. Context Conflict Resolution

972, Natural Language Processing
rtificial Intelligence

&

Model Correction Accuracy T Context Bias | Prior Bias |
No correction (Baseline) 0.615 (0.595, 0.636) 0.304 (0.287,0.321) 0.021 (0.014, 0.028)
GPT-40  Token Probability Correction 0.693 (0.672,0.714) 0.194 (0.177,0.210) 0.043 (0.032, 0.053)
Calibrated Token Prob. Correction 0.754 (0.733, 0.775) 0.107 (0.093, 0.122) 0.085 (0.072, 0.098)
No correction (Baseline) 0.539 (0.521, 0.557) 0.313 (0.298, 0.328) 0.028 (0.021, 0.036)
GPT-3.5 Token Probability Correction 0.596 (0.575, 0.616) 0.253 (0.237,0.269) 0.056 (0.046, 0.067)
Calibrated Token Prob. Correction 0.701 (0.678, 0.722) 0.110 (0.098, 0.124) = 0.147 (0.132, 0.164)
No correction (Baseline) 0.500 (0.483, 0.515) 0.264 (0.250, 0.279) 0.021 (0.015, 0.027)
Llama-3 Token Probability Correction 0.556 (0.537,0.574) 0.235(0.220, 0.249) 0.046 (0.037, 0.055)
Calibrated Token Prob. Correction 0.649 (0.627, 0.669) 0.111 (0.099, 0.122) = 0.188 (0.173, 0.204)

- BHEol L& XA Z7|8F EHEHIE context 7|EF B8 O] token probabilityE H|WSHH, EH 0| conflictE S & St=

0jo

= T A
- r(@2tr(qlol Bt =E S H WS r(q) > r(qlc) 2 BF Prior SE HH
Al percentile H{ & =% (Calibrated Token Probability Correction)

— Calibration2 Ete=d}X| Ot
— Context bias &t3} 7
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Key Findings

_

- GPT-402t Z2 X[HE LLM ZXE Z AT context biasE 20 AME EAN7F Z2E2EAS I 60% O]

2= 8= 29

Ok

-> Knowledge-based HIX|0}30f| A{2]| 4950| RAG 2780 71 Hetdith= 2|0|= Ot

- REE2 St If QR evidenceOf 2|EE

- O B2 =N oM HAEES of=tof 2

T

- HIX[op39] EE2 At 7o = CHEHA =2|Lt multi-document && S 1OH| &

-

- AN EE2E contextE 7t documentE 72 AO| ofLzf, o2 HXZE contextE HdE —> AKX

bias@t= CHE INHZ HEEY = U
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Future Works

J=

- Hallucination Mitigation 'H A

_

- Steering €2 T layer 7HR2| otA -> § QPEXC M2 EHR

- 0f: Agentic Al &-&, context-prior & X&

- MZ2 89| Hallucination &+
- EtE=9| intrinsic/extrinsicO] = etE[X| = ME22 7& 2| hallucination(multi-agent 42 %& )
- 7|& taxonomy0f| Bl=, ME22 2F MAZ 7|0 = A= A+ FH A

- Of: Multi-Agent multi-turn & &1 0|AM S=E|= hallucination S
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