Knowledge Contlict

24.01.11

A X
=0

»'» Natural Language Processing
& Artificial Intelligence



Knowledge Conflict

| Knowledge Conflict

| Aol A Knowledge Conflict & 01 _(_;71] A olstal J=A]
LLM'’s Retrieval Capabilities = o|H ®HFo = A7} 2P =1 =3
Knowledge Editing 37 of| 4] 9] Retrieval—-Augmented
Knowledge Conflict 7} . i Lightweight Tuning '3 & A<t
Unveiling the Pitfalls of Knowledge Editing for RA-DIT: Retrieval-Augmented Dual
Large Language Models Instruction Tuning
https://openreview.net/forum?id=tNktD3ib16 https://openreview.net/forum?id=220Tbutug9
ICLR2024 A& =8 ICLR2024 A& =8
8/8/6/6 8/6/6/5

KOREA

UNIVERSITY



Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Introduction
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models

| Knowledge Conflict
Knowledge ConflictE B7}ste{H o B A sfjof &7}

=> Knowledge ConflictE T A A|7] = Knowledge Editing &3-S simulate

Knowledge Conflict

Reverse Edit Reverse Edit : { (81,71,01 = 02) kart 1
{Edit (1) Marie's husband is Pierre = Jacques 62 — (027 7«-2 9 S]_ _) 82) Ed/t 2
Edit (it) Jacques's wife is Marte - Maurice kj .
>Jacques is the husband of . — { e (31 ’ 7'1 ? 02)
() Marie X { FE s kn = (s2,71,02)
(ii) Maurice o Confligaunce Edit (ii)

Composite Edit

Fact: The notable work of Shakespeare is Hamlet. { ( S Ly T’ 52 ) Pfeser//?g Z"/fed faCt

{Edlt (i) Hamlet was written in English - French C()mpOSlte Edlt (81 yT1,01 — 02) Edit 1

= (82,7“2,02 — 03) Edit 2

Edit (it) Shakespeare wrote in Freneh = German

FV Hamlet Edit (i)

Shakespeare

German

French ko 81 : Irl , 2
Edit (i) D Conflict
kn (8 1, rl 9 03

logical rule: NotableWorkAWrittenIn-Language

> What language was Halmet written in ?
(i) French X (ii) German o
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models

| Knowledge Conflict

Knowledge ConflictE 7F4 BITHSHA] HHAYA]7]+= 2 scenarios: Reverse Edit and Composite Edit
=> Knowledge ConflictE T A A|7] = Knowledge Editing &3-S simulate

Reverse Edit Marie's husband is Pierre - Jacques (Marie, WifeOf, Jacques) Edit T
Jacques’s wife is Marie > Maurice (Jacques, HusbandOf, Maurice) Edit 2
These two edits both modify the fact (Jacques, HusbandOf, ?)

{ko = (51,71,02)  (Marie, WifeOf, Jacques) Conflict!

kn = (s2,71,02)  (Maurice, WifeOf, Jacques)

Q: “Jacques is the husband of who?”
AT) Marie
A2) Maurice
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models

| Knowledge Conflict
Knowledge ConflictE 7F4 BITHSHA] HHAYA]7]+= 2 scenarios: Reverse Edit and Composite Edit
=> Knowledge ConflictE T A A|7] = Knowledge Editing &3-S simulate

Composite Edit

The notable work of Shakespeare is Hamlet = (Hamlet, NotableWorkOf, Shakespeare) Freserving tired fact
Hamlet was written in English > French = (Hamlet, Writtenin, French) Edit 7

Shakespeare wrote in French - German = (Shakespeare, Writtenln, German)

Eait 2
Will affect the fact (Hamlet, Writtenin, ?)

A Logical Rule = rAr; - r, : NotableWorkOf A Writtenln - Language

{ko = (s1,71,02) (Hamlet, WrittenIn French) Conflict!

ky, = (82, 1, 02) (Shakespeare, Writtenln, German) )
Q: “What language was Hamlet written in?”
A1) French
A2) German
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| How do we evaluate those?

Knowledge editing method®] 452 H7I5t7] 212t ContlictEdit Hlo|EAl 4=

How to construct?
> WikiData &

WikidataOfl ‘32| =l Reverse relationdt composite logical rulesg Z-&5t0 =&

Evaluation Metrics
= Conflict Score (CS)

How well a knowledge editing method handles the knowledge conflict issue

Knowledge editing O| % the new fact k,,O| the old fact k, = C}
¥OiLt o =2 2*22 Z=X|of cist HES At
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| How do we evaluate those?

Knowledge editing method @] 52 H7}5H7] 913t ConflictEdit Hlo]EAl F-=

Evaluation Metrics

= Conflict Score (CS)

How well a knowledge editing method handles the knowledge conflict issue

Knowledge editi ng O|=2 the new fact k, O| the old fact k, 2 C}
ot o =2 =ES Z=X[of cist HES A4t

rlo
10 S
IllIO

Second Edit: (s,,1,,0, = 03)

Dataset Split  Explicit Mode  Implicit Mode The edit target: (s,,15,05 )

Coverage (s2,72,03) (s1,71,03)
Reverse (82, r2, 0;) (0; yT'1, 32)
Composite (s2,72, 0;) (s1,71, 0;)

Table 5: Explicit (CSexp) and Implicit (CSimp) of each dataset split.

KOREA

UNIVERSITY



Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| How do we evaluate those?

Evaluation Metrics

=> Conflict Magnitude (CM)

To estimate the decrease of the probability of k,

Digm (ko) — D5, (ko)  PK:G00I EEEES FORS U B2 285E k0] L2 5
— 0

CM =

O™ intermediate model parameters after edit (e,)

DPfom (ko)
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models

| Experiments

Model

GPT2-XL (1.5B), GPT-] (6B)

CONFLICTEDIT

Method Single Coverage Reverse Composite

Succt | CST CM?T | CSexpt CSimpt CMT?T | CSexpt CSimpt CM?T TFDJ]
GPT2-XL
FT 82.56 | 78.88 70.86 | 80.28 1520 7111 | 7545 57.65 64.28 88.75
MEND 98.40 | 91.04 60.01 | 88.89 1532 60.50 | 84.85 8135 4345 72.09
ROME 99.96 | 99.76 96.92 | 65.92 0.00 -0.65 | 71.70 3870 37.04 69.55
MEMIT 79.24 | 83.88 3229 | 51.44 2.08 -1.60 | 57.15 2940 -1.50 24.63
GPT-J
FT 100.0 | 100.0 99.90 | 99.60 4.16 97.20 | 96.68 88.92 8898 89.97
MEND 100.0 | 95.88 8241 | 88.92 6.40 60.72 | 83.04 73.52  63.99 4295
ROME 100.0 | 99.80 94.25 | 56.84 0.00 0.06 77.60 29.24  39.27 81.02
MEMIT 100.0 | 99.64 8891 | 55.16 0.00 -1.18 | 75.48 4928  28.78 64.51

Table 1: Knowledge Conflict results of knowledge editing methods

results mark the damage on tied fact that cannot be ignored.

. Bold results denote the best
performance in each situation, whereas red results indicate a total failure under the setup and blue
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Experiments

A Unified View of Knowledge Conflict

Reverse - if( -
ez Facts Tled
/ Fact
e
\ €1 E
€1
Scope: (s1,71) Target: o, O Scope: (s1,71) Target: o,
Scope: (s1,11) Target: o, O Scope: (0,,1,) Target: s, O Scope: (s3,1,) Target: o5
O Scope: (s1,1;) Target: o3 @ (s1,11,02) v8.(02,72,51) % (1,7, 52)
(a) Coverage (b) Reverse (c) Composite
O|H HAH2o| Mitchell et al. (2022b)2| Editing Scope 7H'E0] 7|82 2 M| 7IX] Q| XA HE HYAE &4
1. (a)01I)\1, Coverage M| 82 HE 7} 2tHS| & > AHatEl X[ A0 Chot Z&H %*HIOIE s
b)Oll A, Reverse M|E 2 reverse factsE Sl C’47"5|7(|':'|J =& §.°|01|*1 245 4 >
3 c)01l)\1 Composite M8 2 BX[X| = F HPIE 71XH 7|&2 F¢ ArdE Soff =2 LatdS ==t
< O[2et XAt0|= Qlof| of&f XAl Z4X| 7|=0] ER5HH, O|= X4 hE ol 7|z =2| #A0f 7[8t5te HAA

= 24X o] ?5i AHEE.
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Introduction

Retrieval-Augmented Language Models
(RALMs)

* Retrieval AtH|S 785l #AF w2 LHES B4

-+ LLMe| E = 2#E& 58S /i
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Introduction

RA-DIT: Retrieval-Augmented Dual
Instruction Tuning

« Light-weight Instruction-Tuning0i| 7|23t Retrieval-Augmented Instruction
Tuning 2 E X ¢t

Retriever Fine-tunin Retrieval-augmented Instruction Tunin
@ . . . max ppy(yley 2 x)
PR\ min KL h m h te level. coul pin to 8-pin converters in any
EL ,,,,,,,,,,,,,,,,,,,,, iy solved temporarily by reflowing... \n\nQ: Why of the PCle power cables
--------------------- F1-- does my GPU keep failing with Xid 79 fallen supplying the GPU. Make...
Prsr(ci 1%, y) off the bus? A:
B Max pp(y|c; o x)
Ll Background: that Microsoft should withdraw S Do hot tise VeaoRtars of 62
Min KL ""-74-s  from the hardware market because it will have ym i convefters gt
Prsr(c | x,y) a negative impact on the OEMs that are ... gf the Pgle SWar cablog y
______________________ sl \n\nQuestion: Why does my GPU keep R thz GPU. Make
failing with Xid 79 fallen off the bus? Answer: pplying :
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Introduction

Retrieval Augmented Language Model Fine-Tuning (LM-ft)
« QueryZE AADTE Context ChunksE x0ll prependstd] (ICL) Anger generation 2t&

retrieve the top-k relevant text chunks C; C C based on z;.

~

{(cijomi,yi)ls=1...k}

@ Retriever Fine-tuning Retrieval-augmented Instruction Tuning max p; (| c; o x)
W e o ‘ Background: [ assume that the BGA chip v y: Do not use Y-splitters or 6-
PR\ min KL h m h te level. coul pin to 8-pin converters in any
El; ..................... IS solved temporarily by reflowing... \n\nQ: Why of the PCle power cables
----------------- r1-- does my GPU keep failing with Xid 79 fallen supplving the GPU. Make. ..
|z| prse(cy 1%, y) off the bus? A: itk
E max py(yle; o x)
* Nl Background: that Microsoft should withdraw T
--------------------------- Min KL ""-74-s  from the hardware market because it will have ym R convefters e
doesmy i p (c,|x,y) a negative impact on the OEMs that are ... gf o Pgle il
iGPU keep failingwith Xid : = =~ | ..»  \n\nQuestion: Why does my GPU keep o thz GPU. Make
____________________________ failing with Xid 79 fallen off the bus? Answer: PPy :
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models

| Introduction

« Retriever fine-tuning= IiA LMS &%= %[ AT LSR (LM-Supervised Retrie

val (Shi et al, 2023))

Retriever Fine-Tuning (R-ft)

exp (pLm(ylcox)/T)

exp (prum (ylcox)/T)

pLSR(C|33, y) = Z

cec xp (prm(ylc o x)/T)

T S cerexp (pLm(yle o x)/T)

L(Dr) = B(a,y)ep K L(pr(clz) || pLsr(clz,v))

prsr(c | x,y)

r
.
.

' & X:Whydoesmy i
1 GPU keep failing with Xid :

PLsr(c21 %, y)
179 fallen off the bus?

min KL s

r>

Retrieval-augmented Instruction Tuning

E Background: | assume that the BGA chip ‘/
h m th te level, I

solved temporarily by reflowing... \n\nQ: Why
does my GPU keep failing with Xid 79 fallen
off the bus? A:

|z| Background: that Microsoft should withdraw
from the hardware market because it will have
a negative impact on the OEMs that are ...
\n\nQuestion: Why does my GPU keep
failing with Xid 79 fallen off the bus? Answer:

max p; (¥l ¢y o x)

y: Do not use Y-splitters or 6-
pin to 8-pin converters in any
of the PCle power cables
supplying the GPU. Make...

max p; (v | ¢, ° x)

Y: Do not use Y-splitters or 6-
pin to 8-pin converters in any
of the PCle power cables
supplying the GPU. Make...
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Experiments
Experimental settings
o MMLU NQ TriviaQA £ benchmark= ZH&
- Development set2 = KILT benchmark & ELI5E AL/t 674 tasksS dev set AFE
o LM-ftOJAIE top T relevant contextPrE AME + few shot examples

o LIMZ2 [IAMAZE

@ Retriever Fine-tuning Retrieval-augmented Instruction Tunm‘g/ max p, (vl c; ° %)
\\/ o s E gackground: Ia;)ssume that t’heBI A clhi y: Do not use Y-splitters or 6-
’ Lmin ma t trate lev pin to 8-pin converters in any
EL ..................... -t solved temporarily by reflowing...\n\nQ: Why of the PCle power cables
Retriever | | ~Ld¢----mmmmmommnieenes r1-- does my GPU keep failing with Xid 79 fallen supplying the GPU. Make...
prse(ci|x,y) off the bus? A:
El max py(y|e; e x)
PR\C21X) SN, Background: that Microsoft should withdraw e
prozemmndseneeeeeeeeeeen A MINKL 7045 from the hardware market because it will have Y: t080'use 'sﬁ' 1S of U=
{ & X: Why does my i pusg(ca]xy) || anegative impact on the OEMs that are ... el b il bl
GPU keep failing with Xid ! e \n\nQuestion: Why does my GPU keep Ofihg B0 powai cavies
79 fallen off the bus? 7= **""""" 7 7> failing with Xid 79 fallen off the bus? Answer: supplying the GRU. Make...
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models

| Experiments

« MMLU NQ TriviaQA £ benchmark= &

» Development set2 = KILT benchmark & ELI5E A/ L/2F 67f tasksS/ dev set AtE

o LM-ftOJAIE top T relevant contextPrE AME + few shot examples

MMLU NQ TQA ELI5 HoPo FEV AIDA zsRE T-REx WoW Avg® Avg

0-shot
LLAMA 65B 512 52 558 195 125 593 0.6 6.7 1.3 156 329 228
LLAMA 65B REPLUG 59.7 28.8 72.6 19.1 32.0 73.3 41.8 508 363 16.1 45.1 43.1
RA-DIT 65B 64.6 352 754 21.2 39.7 80.7 451 73.7 53.1 164 49.1 50.5
5-shot in-context
LLAMA 65B 634 31.6 71.8 22.1 226 81.5 482 394 521 174 47.2 450
LLAMA 65B REPLUG 644 423 749 228 41.1 894 464 604 689 168 51.1 52.7
RA-DIT 65B 649 439 751 232 40.7 90.7 558 724 684 173 51.8 55.2
Jointly pre-training 64-shot fine-tuned NQ TQA HoPo FEV  AIDA zsRE T-REx WoW  Avg
The LM and the R = 1 it 424 745 347 811 665 749 589 155  56.8
RA-DIT 65B 43.5 72.8 36.6 86.9 80.5 78.1 72.8 15.7 60.9
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Unveiling the Pitfalls of Knowledge Editing for Large Language Models
| Experiments

H| Q5= shE WHH 20| Retrieval Augmented Generation2 7H*'| Spzi x| 2t
LLM'’s reasoning / parametric knowledgeE £4A|Z & UAX| L2

 Retrieval Augmentation &0/ Commonsense reasoning tasks 2/

Table 3: Performance on commonsense reasoning tasks (dev sets) without retrieval augmentation.

0-shot BoolQ PIQA SIQA HellaSwag WinoGrande ARC-E ARC-C OBQA Avg
LLAMA 65B 85.3 82.8 52.3 84.2 77.0 78.9 56.0 60.2 72.1
RA-DIT 65B  86.7 83.7 57.9 85.1 79.8 83.7 60.5 58.8 74.5
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HOW IN-CONTEXT DOCUMENTS IMPACT SURFACE ANSWER STATISTICS

Table 1: Generated answer statistics. We present mean values along with two standard deviations in
its subscript: one computed over three answers generated for the same example, one over answers
for different examples. Human and WebGPT answer outputs are taken from Nakano et al.|(2021),
and we generate the rest. We boldface six rows where we collect human annotations for attribution.
Numbers in red and blue indicate decrease and increase from the base model respectively.

Model (+ evidence) # Sentences  # Words RankGen (1) Self-BLEU (J)  Perplexity ({)
WebGPT (+ WebGPT docs) 6.7_/1'9 160_/33 11-35—/1.98 0.58_/0,07 13-81—/4.86

GPT-3 9.31.5/2.6 2193051  12.779.67/1.87  0.71gp.04/0.06  6.130.02/1.37
+Human docs 6.60.9/1.8 17218/40 11.890.60/1.86  0.620.04/0.07  10.94¢.05/3.94
+WebGPT docs 6.80.9/1.8 18520741  11.970.60/1.79  0.620.04/0.07 11.630.13/4.16
+Bing docs 6.91.0/1.9 17919/38  12.130.68/1.91  0.640.04/0.07 9.030.12/3.24
+Random docs 7.61.1/2.1 18319/30  12.40¢.67/2.13  0.680.04/0.07 6.760.05/1.86
Alpaca-7b 9.01.8/8.1 11333/73  12.179.72/2.00 0.510.09/0.15 11.95¢.02/7.18
+Human docs 5.71.9/3.6 13844/79  11.82¢9.88/2.32  0.990.09/0.14  12.990.20/5.73
+WebGPT docs 6.22.3/7.9 14945/80 11.910.75/2.07  0.590.08/0.14  13.270.13/5.68
+Bing docs 7.62.8/5.0 18766/107 12.049.78/2.05 0.59.08/0.14 10.81¢.13/5.34
+Random docs 5.21.6/5.3 12132/65 12.25¢0.71/1.99  0.530.08/0.14  11.92¢.23/5.35
Human(+ Human docs) 5.1_/2.7 119_/59 9.29_/4_37 0.49_/0,17 17.63_/7_53
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Table 3: List of attribution error type (and their frequency of occurrence in unsupported sentences)

and example instance.

Retrieval

Failure (54%):
retrieved docu-
ment set does
not contain
answer to the
question.

Question: Why does it seem like when I watch something the second time around, it goes by faster than
the first time I watched it?

Documents: ... Basically, the busier you are during a time interval, the faster that time interval will feel
like it passed. ... (more about time goes by faster when you are not bored...)

Answer Sentence: However, when we watch something for the second time, our brains have had a
chance to process the information and are able to make more efficient use of the information.
Explanation:The documents explain why time goes by faster when you are having fun, but the question
is asking watching something the second time.

Hallucinated
Facts (72%):
contents that
are never
mentioned in
the documents.

Question: How does money go from my pocket, through the stock market, and to support the business
I’ve bought stock from?

Documents: Stocks, or shares of a company, represent ownership equity in the firm, which give
shareholders voting rights as well as a residual claim on corporate earnings in the form of capital gains
and dividends. ... (more about how stock market works)

Answer Sentence: You can purchase shares of the stock from a broker or through an online trading
platform.

Explanation: The documents never mention where you can buy stock from.

Incorrect Syn-
thesis (14%)
synthesizes
the content
from separate
documents
incorrectly.

Question: Seismologists: How do you determine whether an earthquake was naturally occurring or if it
was human induced?

Documents: Studies of the numerous nuclear tests that took place during the Cold War show that
explosions generate larger P waves than S waves when compared with earthquakes. Explosions also
generate proportionally smaller Surface waves than P waves.

Answer Sentence: Natural earthquakes generate larger P waves and smaller Surface waves compared to
nuclear tests.

Explanation: Explosion generate larger P waves, not natural earthquakes. The answer sentence is thus
incorrect. Most of it is copied from the documents.
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