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Abstract

Large Language Models (LLMs) are continuously advancing at a rapid pace. To ad-
dress the shortcomings of these models and cater to various contextual usage needs, mod-
els like Retrieval-Augmented Generation (RAG) have been maturely utilized. However,
how LLMs handle retrieved documents” remains a ’black box”, with a decision-making

process that is closed and opaque, limiting explainability and traceability.

This paper proposes the RAG Adaptability Metric, which uses prompt engineering to
enable the generation model to output supporting documents when generating responses,
thus allowing the model to indicate the basis for its responses. The study found that when
the retrieval documents are insufficient to support the generated response, the model tends
to rely on the knowledge learned during its training process, i.e., memorized parameters,
to generate the response content. In some scenarios, responses generated from memorized

parameters are acceptable, but there is a risk of generative hallucination.

Therefore, this study introduces the RAG Adaptability Metric by obtaining the rel-
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evance between supporting documents, queries, retrieved documents, and responses, en-

hancing the explainability and traceability of the RAG process. The results show that the

RAG Adaptability Metric is applicable to various retrieval methods and different genera-

tion models, performing well in identifying potentially risky generated responses. It can

help distinguish whether the LLM generates responses based on retrieved documents or

if it occurs in situations of ’refusal to respond” or ”self-generated responses”, providing

reference for adjusting or training the models.

Keywords: RAG, RAG Adaptability Metric, RAG Prompt Engineering
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3.1.1 4pi R & (Relevance Threshold )

MR LY kR RApiRA RS 4 (Positive) & f 47 (Negative) =ik
B FA AP A B A R PIA T SRR A A B AR E ke

F AL > MR BE L ARG F o

3.2 AR S iR

Wk R Rt AR AL SR SRR AR F R
WM B RS A BRER MR X LT A M
MERLHRARS LB BT & TRLPEHERE oA 2 th v § 2 Ten
LN T R A EN EE LSS L T D TRt TN

4o Figurel.l % ¢ R4 #7571 o

{245 Shahul Es % % (2023) [3] 5F7 5 ¥ 45 41 > t & 9 5% 2 & f03] 842 on
AR FEARMEG TRV R T R R P R A 2 S
WAl A2 BHBRT Ol i 4 0 FIHEBEA AR TERY PR R FFL L

IHC AR R T T A AL AL S

4n i et 5 2 N3 * Arvind Neelakantan & 4 (2022) #73% 21 enpm 4 $27)
M text-embedding-3 | % % @ 4% » fic3] » 583 RS R AN (S o (& * SR AR I

B (Cosine Similarity ) 3+ 5 5% & B crfp b |24 #ic > ¥ i U640 B 124 #c2? 4p B 1L R

dptkik L ¥ 2 (Generality) % # it f£% & 5 1 & 35 4% (Primary Metric) £
2 2] %74 1% (Auxiliary Assessment Metric) o 1 & 3o 8 2 3~ fhdrie & 2 3

Al Y hd T N F AR S i ST R AR B e v Radp M o 1Y
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2R G w g gt

3.1.3 i &3z (Primary Metric)
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3131 (1) 2#2 e i bt

A B R i M 44 (SDQ-Relevance Metric, Supporting Document-
Question Relevance Metric ) » 3% 4 & {3 uwan i F 2 AR F L3 2 5 0 M

Mo ritesd SRR FIEMEREPR FREF IR E G i E o

24

4v Figure 1.2 ¥ 51 &] % = 4 > SDQ-Relevance Metric 5 0.77 » # % 4 = #73]3%
LA FI ST G AR EF Rv BRE - 272 H 8 piEnFFT o 7

RENREIRSFTH & L2 S RAHET T2 LF2 4 -
3132 (2) AEXRERE M ERLE

A FEX YR R Y A 4p B i dp - (SDRD-Relevance Metric, Supporting
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AFAL S Y AL ® FARBRARTT AT E -

boFigure 12 ¢ A 65— & > 4 S Ak ni B2 2 g & T 2w & h

0 RIB Dt A 2 A BT L
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bk R AFT A TR A RN F 0 AR R R S A

3133 (3) A#2 by §aiph btk

AEFEXRHE Y E ajp i 2 3p 1% ( SDA-Relevance Metric, Supporting Document-

Answer Relevance Metric ) % 4 S {3 ehw § £ F B AT Fhaph 5 o o

P-4

WAAFI AR R P LT R AT R FAL AL KA
B B E e

4o Figure 12 7 F 6% = & o de %k X A F 2 HARN T 22w Q05 o
s TR AP LA B MOMER B A FRR F] S 2 SRR O L

B h AW E TG RBAB AL DRI T Fip P RS R 2

=2 AnAR AL e

4oFigure 1.2 7 7o) &% T & » 2 F A Y TR E YR 4 A B L

Hhi ik T h w gy BT RN P MR AR R G

3.14 e %rdn ( Auxiliary Assessment Metric )

W2 B R T SRR R Y ST AT W A RN A AT L
AR B o B E RA L > BB - RAR A ER 0 e kK

VO R EA B TR T E A TR o

3141 (4) BB 2 ML

# 24 %~ #4012 4p 1 (QRD-Relevance Metric, Question-Retrieved Docu-
ment Relevance Metric) * *t3= R 2 2 fhen&F > & 2 BALTE TR ¥ - 3%
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ptRF ERRE R A AP R IRE 0 AR RRE FRM I AT R
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Question Retrieved Document

Supporting Document

Answer

(3) sbA

(4) QrRD

(5) QA

Will the nitro
hypervisor change the
apis used to interact
with ec2 instances?

no, all the public facing apis for
interacting with ec2 instances
that run using the nitro
hypervisor will remain the same

In ibm service, can i
install my own hadoop
stack components?

yes, you can use the hardware
development kit hdk either in an
aws-provided ami, or in your
on-premises development
environment

to receive email notifications for
a particular topic, a subscriber
should specify “email” or
“email-json” as the protocol and
provide a valid email address as
the end-point

In ibm service, how do
i create a webhook?

In ibm service, what
regions are bare metal
servers for vpc
available?

vepu-based instance limits are
available in all commercial aws
regions

In ibm service, does
the nlb support layer 7
switching?

we currently support enhanced
networking capabilities using
sr-iov (single root i/o
virtualization)

Figure 3.2: Z pJR7%T 5
o AR ES 0.8

FAQ

T l/}ljt)i‘l”:,?: ’ 'E\Li

= 4

mE T w ¥

A B
EN . e

B % 3

T

T

SR BRAE YRR R

A%
—3‘»\\%
%

SHCUE Y 200
ECE/

In aws service, no, all the public
facing apis for interacting with
ec2 instances that run using the
nitro hypervisor will remain the
same.

you can use the hardware
development kit (HDK) either in
an AWS-provided AMI or in your
on-premises development
environment.

The retrieved document does
not provide information on
creating webhooks specifically
in the IBM service, therefore the
answer is based on general
knowledge of webhook creation.

The retrieved document does
not contain information about
IBM service or the availability of
bare metal servers for VPC in
specific regions.

Enhanced networking
capabilities using SR-IOV enable
high performance networking
for supported instance types.

p#%ﬂ’?%
MANR BT B

PR A

Z
ZN

m A 4

No, the nitro hypervisor
will not change the
APIs used to interact
with EC2 instances.

No, you cannot install
your own Hadoop stack
components in IBM
service.

you can create a
webhook by specifying
the appropriate
protocol and providing
the desired endpoint
URL for the webhook.

No information
available in the
retrieved document.

No, the retrieved
document does not
provide info about NLB
supporting layer 7

switching.
REr 3
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PEREES B AFTHEY L LA RARE T AOTAR R A
;J’?‘('ﬁ *ﬁ,:fﬂfm“ & eIfE “‘h‘} % B iEa k‘ﬁ”#{ﬁ“]'l}-%—%’@‘%, k*ﬁgﬁ:]}}‘;
e FEEERE Y TR SR

AFTTGRE O BRI G R PR A SR TR R TR
IR S AL PR R &
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32 smEAR

AP RS- BAASREH R SR o g A e Y FREY 2
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HEE SR w3 23 2 ¥ [text-embedding-3 | #73]i& (739
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T EZBAAPURE M ERPERZIACRPEY E 2B ip AR > T Bgpi

RUPMER @R A DD f A TREA S S

3.2.1 g tRdciEA]

ARG HRDI RS TSP AR E > AL E* SQUAD

Wi
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L AR BAHRA SHAY IRER A LA FERIFI A
MR PR T L A RS TS R L e R T E R
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SQUAD FHLE& BRAE I H7 L3 7 S FFRY BEPE o ok g2
LA S LS R LR 5 EER D TeRrE Y - e A
AETHEFHRIFRET o MR A > TE 2R § el 429 T FI-Score | &

"F2-Score | » M {1344 3 L &g &R E -

F %% 47 TROC Curve | fe 3 {31 MR R b ik o I g TFI-
Score ; 11 % [F2-Score | % 5 ;=452 o il ¥ "Fl-Score ;» & P¥ 11 pr 4 £
PR ZETE § O A i 4 0 ¢ dedbAElE (Precision) 112 2 % % (Recall) o @
wFT g @ 34 TF2-Score | enik# > B] 8 _%] % 4o Patricia Craja % 4 (2020) %4 i
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323 HiRiE

AR T HE* ZIRFT S FAQ T E ﬁ"’]‘# B 2 PR3+ 5 FAQ sk 2 3 3%
AR HA R R M e L S B dp Rt 0 2 S (Accuracy )
yEu e & ¥ phak 4 ch gy ¥ (Precision) ~ Z w & (Recall) ~ TF1-Score ; r

F'F2-Score | °

FoREAY TRIEAWS D54 FTHRIFEIRZTH > LEFP Fi0F AWS -
GCP~IBM = B ZR7+T 5 o 4ok B HZ2 GCP & IBM T - » Rl % < R
WHAE AL W E  WFEHAK 0 T KR ERZH WL S I ERALT
TR R AR 2 AR AT AT AR A A A v o ¥

BRI AFTHLT A FL I FRFELE

324 4 A BRI
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33 9%
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e
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3.3.1 Cloud Platform FAQ Dataset

AFTE # % Qdrant (https://qdrant.tech/) % & eq2 R 5 FAQ 7l &
" Cloud Platform FAQ Dataset ; [10] » Qdrant ¥ - BRE/he £ FHE > 1 & 3 Al &
PRV REAR T o ZFAERE T 5 BT IRAH %k (£ 45 AWS ~ GCP »
Azure ~ Hetzner ~ IBM) 0 FAQ » ¢ 3 PRi% k& (Source) ~ 7 e ek I (Question )

few ¥ (Answer) o

F

SRR 2021 & FlH N F S AT < AE T W R AL

=i

$y el L3R Rl 54 -
BERRT R R SR AL R o 12

B2 R R R ) ef 2 AR -

3.3.2 Stanford Question Answering Dataset (SQuAD)

SQuUAD ¢ Pranav Rajpurkar & A [11] #7431 » - B * > < 3137 A F#

BEATRE TR LRRAT P 0 o DieFEE > HR f e

)

PEREFERR

B TR SQUAD ¥ iR G RS ApIN F o PSRN E

BRE R EERE ZRAEREANEFES TN N RAR AT T

R RS 22 P E (Context) ~ B »t3% ¥ B ink B (Question) » 11 % 2%

#FELTEAFa4wr § (islmpossible)» T~ F 5 E? &2 3w § hikdy o
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%2 F Results

SERFE EERT ) VIER L AT,

MR ZIRBE R A AL RAHFE Y TZIRBT L FAQ T
% | (Cloud Platform FAQ Dataset) #i i F s F Al & > 2 F A& ? [Source ; 3
AWS FEF+enR B B s 23 2 4% TR § B ¢ $931% 400 383% I (Question )
fateA o B9 1533 T 5 5 AWS (Amazon Web Services ) 4p i B 38§ ¥ 14t w

Fe TREY MY VSIS RN MAOHETR  LARE TR -

¥ b 247 4 5T 5 5 GCP (Google Cloud Platform ) ~ IBM (IBM Cloud ) #4p

MEEZES TRMHR* > A 54?270 3&3 BRRBT oonpl T

o rHBw A S AN EZEFEDEL R BIER -

TEHCA AR EEERE MR R R AR S Bt R
PEARMERET > @AM B S RERERA R AT f 5 BRBES

(FPR) 22 B % (TPR) engit o

4.1.1 ROC Curve

=X F %2 ROC Curve e~ 3V 3 > 2% B 7 & Figure 4.1 -
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Figure 4.1 & 7% > fAp 2 B R E & 45 2 i ? > B B F{oih e
i & d W M5 %P % SROC (Receiver Operating Characteristic ) # 4 » &
dERIEWHFRNARESR o & - BPRHALBIAANARET B BEE (True
Positive Rate ) 7 i[5 |+ & (False Positive Rate) » 4p 2 B R & /£_0.8 i % 3% 2 1

0.99 -

“,f phz_eb s 2% F B e AUC (Area Under the Curve ) & 5 0.8836 °

4 Figure 4.1 # » i d o PSS ES BRI SAER . 5 B%S B
&7 AUC IE'{ T3 1 &P t_’]:ﬁ i\a5ﬁ4g\._‘§}fﬁ_‘_r’};}ﬁ*ﬂlmfﬁgé’r ’Eb?ﬁa."fld'fl‘we'
V"J»lﬁ‘k‘?*idkodﬁl——glm'r— }#1§#§£—J’%\ﬂ-]%%*§/liﬁm4g\"§r H';}Fl*ﬂ

Ko AR PR AT BRI P T R S TIRE S g

% Figure 4.1 » > Ap B R B/ _0.68 B4 HH 2 « Aip AR E 5 0.69 12
TR BRBEFEEHEEFEL 0 PR A AR ELF 072 FR
dopeiE /A o ip AP AMpE (0750 T ) RET » BB MEIRMK » & E B3

Foy K s [ gt o e ow F (Recall) » Ap ¥t o

EFAANAEAR Ed 4 A PEBHEIoBRB SO TR E 0 REBM

R FEREPEENEELES > AFHANAERE (0851 ) (R T > B IF

1

MFRE > T UBER RSP RA o RS §ORE DBRE S .

4.1.2 Analysis of F1-Score and F2-Score

AT R B A RS e f IR AR %Y 0 % SQuAD
FAEY 2 F P E (Context) itk 2 2 SQUAD FH &P » Rz 1 7
Bkt ek B (Question) #h 3%k F Stk Ak R 0 F 4% SQUAD TR B ¢ %
WEBRE TV URG R Y AT E ) Pikge 0 - HEPT 1485 L FHRG
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ROC Curve
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Figure 4.1: 2 PRF%T 5 FAQ # % B2 = A a7 PAPR MR BT s B
(ROC Curve)

Beho B 90285 TE kA MY BIF R 49385 TR BAME A

PHIE R e

A A kR AY > el f AR EH A G HEM L 03324

F1-Score & 0.3994 > F2-Score % 0.4542 -

PR SRR R RO R R R S i en A

Mo R AR MER R R

F Y TGPT-3.5-Turbo | # i 2 = B T pliEAp M R & 270.77, 70.757,
”0.8”,70.85" w AR T hA R kT RlE T AR i i ( Primary Metric) | » »
PRl DA R g B % 2 Ahde M2 dp = (Primary Metric with QRD-
Relevance Metric ) | eh# I » L H # gy (Accuracy ) ~ ## /£ F (Precision) ~ 7
w % (Recall) ~ F1-Score 12 % F2-Score 114 3 o fp 3t ROC W 3R eF % 83715 &

§8 14 4 > F1-Score ¥7 F2-Score § BLiTH 73 & * ;% o
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Threshold Accuracy Precision Recall F1-Score F2-Score

Primary Metric

0.70 0.8343 1 0.5030 0.6694 0.5586
0.75 0.8337 0.9523 0.5274 0.6789 0.5791
0.80 0.7414 0.6122 0.6085 0.6104 0.6093
0.85 0.4943 0.3829 0.8519 0.5283 0.6843

Primary Metric with QRD-Relevance Metric

0.70 0.8350 1 0.5050 0.6711 0.5604
0.75 0.7987 0.7383 0.6065 0.6659 0.6290
0.80 0.7111 0.5530 0.6876 0.6130 0.6557
0.85 0.4424 0.3633 0.9026 0.5180 0.6960

Figure 4.2: i & 45 14% (Primary Metric) ~ 4% I 2 4& % < #h4p B 1245 1% (Primary
Metric with QRD-Relevance Metric) 7.7 F 4p B 1+ & (Threshold) T &4 1

% Figure 42 ¥ # MBELZE D] i SAp B IR BN T o AR A D AL
TEHANERET A E 0 R RAT UL WA R A o BN AL AR A g
AR hE EP R M T HHEA - 3 7 B 2 M i BlEdpth* @3yt 2 %

B3 denf sgi s > B Rinoth & 8% 4 2 A -

fie & T QRD-Relevance Metric | i * pF » piRtiRie f stk &g L o
B ek s s S Jﬁ" Bitafe R 4piT 0 X & @ % TQRD-Relevance

Metric | 5% £ L Fe4 2 + o

Bt o BARMBERE (085) 0 F 85% 7w X 5 fe & TQRD-
Relevance Metric | ¥ 12 3] 90% #7. w & » X & :}]E] ARy = RS- L P A ey
% i ek & > F2-Score » F Ap $H#iadF ek I 5 e Fl-Score 4 #ickr 7 = 4F > F A
B {07 49% AR ERE FaF i R A IERE

32 PERE E P R o

TAY L TR ASRF] o Figure43 ¢ v A RARMERET o g * 0

TS
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Threshold QRD-Relevance  SDRD-Relevance SDA-Relevance SDQ-Relevance

0.70 0.2617 0.0325 0.2880 0.2819
0.75 0.3529 0.0365 0.3103 0.3306
0.80 0.6370 0.0629 0.3752 0.4564
0.85 0.7221 0.1258 0.5172 0.6490

Figure 4.3: #& 2 3 % f Mgt &7 AP R E7 2 RApik & g om0 f 3k
LEANH)

PR R f AR A endg iR B PR U B AR A 0 B 4 Figure 4.2 ehB % T
"1 IR fosEtk & ¢ T SDA-Relevance Metric | ~ " SDQ-Relevance Metric | § F &
SH AR ES > F1 L AFigure4.2 7 > MAPM R BT 0 IR A

S A G B AR AR 1 e b BT R A § AR A o

do% I PR * T QRD-Relevance Metric | i A 88tk A 1 f 8f cdg 4R > A i Ap
MR ETZH Sr 3 R d M AEES & > & T QRD-Relevance Metric |
# T'SDA-Relevance Metric | & " SDQ-Relevance Metric | & § #ftk & ¢ Z_¢ fadi4p

W E Reno

R E et FRRNPMET S S0 L 2 hlhE A
"'}l’ﬁ AL BEFRT > A FFHEE e N R ap B g;)ﬁéjgﬂ—‘# » 1N %

LHE R T IR F R R B AST d i) .

4o Figure 1.2 » % = L4 A ehp 3

-
ES
P

R T R dRT o L

E‘—f7 ;JL?!‘? ’Fﬁrz"’ﬁ% v e 4 ‘é‘ﬁ:‘q'] L‘ﬁ’»lﬁ f‘?éi‘?’%‘:J’ oz Figure 12 %7 %

Fohhp F o 2 REARD TIES T | ST s o

& Figure 42 # & ¥ BB Pl M-3R K 2 F 2 R4 M 124 % TQRD-
Relevance Metric | 7| » F &= cntp > ¥ N A 2 v 5> LR FHASF I

F1-Score ~ g—rug ’LE'I\FV; r"’l,{*dﬁ"z:?%t‘#& "‘L' J m_]_zk\p’lriﬂ\t‘ ”fﬁié
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THRERRE - 2 EF B AEMMMIE B PFF2-Score F H ety R L AP AR A gE

B35 - g R AR D Rk R R AR A RS A S

k3 l«LL )

FURERISE R ES R ok R AR R A L RERRP

E R R ,T}c? 3 * T QRD-Relevance Metric | pte o

F1-Score F2-Score
0.7
0.6
0.5
0.70 0.72 0.74 0.76 0.78 0.80 0.82 0.84 0.86 0.88
Threshold

Figure 4.4: &% Fr 4p B £ R &~ F1-Score ¥2 F2-Score % 1

Figure 44 # > # * SQuAD F # & 2 TGPT-3.5-Turbo | f 5 4 = B » L%

F1-Score ¥ F2-Score en% it » ¥ BRI AT R * chF 47 > pUHERE

0.8 TR RS A A IR RIEER DR > 208 1 IR

{RlE»z2rEomn 08 2+ I RiHmI B v XA T grak it > 7 1
FLERATREERY T RAGITAPMERE -

413 H @ 2 L HA]

Figure 4.5 ¢ - BrE* 2 A A3 T HA o s 2 chd 2 B@ >

Bettipthind o A=t BB H Z 0 F RAPF D SQUAD TR E o X A F A

o S RO Pk SRR E AR B PdR T 3P o

(A N Y e e S s Rl | e A U RE N A - R & A
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Model Accuracy Precision Recall F1-Score  F2-Score

gpt-3.5-turbo-0613 0.7414 0.6122 0.6085 0.6104 0.6093
gemini-pro 0.6923 0.5308 0.6471 0.5832 0.6199
claude-3-haiku-20240307 0.7933 0.7625 0.5274 0.6235 0.5620
llama3-8b 0.7347 0.5732 0.6673 0.6167 0.6461
gpt-40-2024-05-13 0.6681 0.5474 0.8636 0.6701 0.7742
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G4 2 i R A BT 4 TR o

Metrics Accuracy Precision Recall F1-Score F2-Score
Primary Metric 0.7414 0.6122 0.6085 0.6104 0.6093
Primary + QRD 0.7111 0.5530 0.6876 0.6130 0.6557
Primary + QA 0.5279 0.3772 0.6450 0.4760 0.5643
Primary + QRD + QA 0.5253 0.3850 0.7160 0.5007 0.6109

Figure 4.7: & * i &gk 2 1 & Jp ik gf b 28T &6 % @ ihd I

4.3 F AW igk TZQJ}?%\

@ > TQA-Relevance Metric | #2572 § * i » @i * 2 JR#+T 5 FAQ T
BRAHZZ DI IRIME RH L S HAY R 23 E < FF s AR

oo R R YT BEPEEESROEA S 2012 ST RS Y

R

(Refuse to Answer) e A » H¥ 7017 39 X jpew Fanfi & > JER w § ik

bl
=
1l
e
>
A
-
E
e
F
AN
[
-
Ei
i
4
3
T
¥
~=ie
W
[
W
4
$
A

P, N
F] g L‘L?ﬁ\"ﬁ"j.—'— e

)

AR

HFIHETE o AXFHRY HRAET T TLLMEESw § ) o 5+ &
8w § dde M 12 4p 1% (QA-Relevance Metric) R & 0.8 11 » 2 1 & 354487 2
ol SR 5 N U F R i dp iR ET S A A5 S A N I ]

A ARE S AAYEE T T i 0 e Figure 1.2 ¢ % - X FR AT o

PREREERET o A2I213 58 %A > HY S8EHRET E TLLMES v

L
(3
‘ N
)
&5
4
3
o
>\_
w
O
(e
T
™~
b
w
o
(e
N
_,?
1a
—
=
o
o
=R
\,
P

» 82% o o FE

(Precision) % 55% -

32 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

AT R RN E Y E S 4% (QA-Relevance Metric ) ft B4 2. %
TEEYE PR AT I ASSEAR YT 0E TRE S F M PR &

"Wzt AR L) PREFAPF k@s TESw Y | e L3584 -

33 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

% 7 % Discussion

51 FHR25BERY

4 Figure 4.1 ROC Curve “7T % 3 > ftk & 3 55 4 & if idp i es ™ 0 20
et 2R 2 FHA Y 2 FBRATTF AEDEAR > X AEF ET G PER

= 'fﬁﬁ BT ﬁ"’ﬁﬁv’a'ﬂiw}o

Figure 4.2 # A7 0 & 5 2 3 Bl apth e FARMER @7 7 2057
et it o G et = S B A o p oA BE IR B A R R h e
VRN S S A e *@ﬁi%?% At A ARG Faess o HipR Y S BN
MR e T e L BRI AR 2 S AR RN R S ERST T 2
IR Grx kB A G U A BARMIERET > BRAT UL wEIT 0% 2 X EARS T

e A RS FixTE o

T FUEHREFOTETREERYFRALE > FY R AR v AL
g :Fif}“%?mw%ﬁ”ljlﬁﬁ: )}‘:Tﬁ—k’}‘ﬁgﬁ""l‘rﬁﬁﬁéﬁ”‘:};j"?‘]%‘7}}“:’#9&?']&‘
MEEESHELanmi  AFHEY P LTURLRAHBL S R* g R

116*)3 ,é’r'r"’;?}f

R AR g B IEFS L PR s o 2 B piRieihgri > AEE

L a PR B i*ﬁ i‘?ﬁ&g A ‘f#‘g\‘lﬂgﬁ% (Fine- tunmg) A & e

34 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

19””" 1:;‘\' &J—% ) Ij}:? %/'%F%’g‘; 1:‘,\,1}»;3:“]{ ‘#'IF'LL" r;h_:,éaﬁ,.gJ

lhete S A chd ARt T2 AR F

W AR - R R TR

R T p i

ER S L st EiE

H13 IR o H et A

MBS W E

G BET A AET B S B PIRANBL Sk

B i

THARRREEF B o REHEY © 64 1 B

SAFETER D HWET R L SR RE DT AR

R PRI AR R Sy R F R R

BT A G RY E

iﬁgbgﬁr? 1

LI RANBL YU

SLEE

H;fp Eaw (T2 4472 A EF M1 B ’]‘iﬂ'}ﬁf’f#

B RS T A § Aehd &g .

FFp P g { et A1F 3 A S H e 2 osendg 2 5 F

IPETE

L

=

R RN

ﬁg?lﬂz;i

AL IR LR B Sl i 2l bl

SE

ii“g“m“ﬁljvg ﬁ: ]m*ﬁ,:i?

B i R A AR

L > S ISR -
A LA N

]

VLS AR Y P B FeRd hp F 0 B RN AW TR

ThFEAE T S TRBREACMNF ) DL T AAFT R R

4 it s e B UYL §

R

» A AF TR B R AP GBIF BV A T R Bde
mwg_ﬁnghﬁﬁgwﬁwo%4¢,

R FHENERA PN G 0T RS LN B

22

(Attention) = » ¥ 1G5 d & % # 5% 2 il BiLdp B ET F

R A P E RS =2 ey

35 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

%= % Conclusion

WA S F R ERET - B TFEA 2 FA BRI T R
B A S AL fr T R AR A Y F AN T R ML R 2
FHEAR o H P oo FJom @kt BB A SRR R BT e R W e 4 S A

FREAM G IR AR EN > TR RS > T R AT

AFTE s EP o APREOY R ihie A 2 S ] BB F A AT e 2
PRt T S ERrE R R A R 2 2 AR o {1 i it
EApam Bz d RR@{Bhilo Ra » B2 2 mpal v Ay A2

PHESPERAT ) 7 A DT o

R - 3p Fle E 5 ApM st v § SFilieagdid s ¥ R
SIS A A S > X0 T R AR S F A T RA PR 4 S
HEA 8 A W A 50 L e

Y Lo mﬁﬂi" ’ *‘EH"')&EQ K Af | #* T3 B A Afiﬂl 4 %}%B"FM’WV{F 9 3‘@
R K o TR A F D A e 2 BT 0 4 S w %: m/LAﬁiﬁfi‘ff*ﬁtq' =
AL 1 B (R ~ £ AT o

AAkena el o B Akt S0 - 2 RERN A o 4 SR
it g tbdphenin 4 SR ApM o 0 T E R B AR U R AR R S H

36 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

W A A g AT B e R A 2 S B AR AR S it

L Fend R o

6.1 Limitation

6.1.1 Ap B 124 Bz R 8 e

3R R A B R P e B3R AP IR 0 AR EA S

P A @ 2hene F AR s ek G T A g v ERER > FHRY

=

BRI R EN S P - BAES had RIRARG I f AR A m AR e

& > & _Figure 4.2 » » i I > f 2k A e F2-Score f4F K B 18 ff.*‘u?% R

MR ARG kG 0 34 f AR AAE S F N G dp ML A LA 2 1 AT

AL EA L o
ERFTE AR bHex R FEE BHDT LR EFL G B4 D

CE RS A L S FE R T R I = (R F R

PE RPN R AR 2 R g e

FE o RKREET FRED M FREEY A R SRMMERE > §BE

=)

IE i FnlE fapth ok ani 4 o R FI ST AR E Y TR R i R
i@ 2 k@ Dl THEEY 2 R R Ea 2 TR EY vl e ) 5 4

0 B BRAET RS PR AR e

37 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

6.1.2 Wi T HAL S F

=

% Self-RAG # ReAct 47 ¢ » { RIEX M 2 R % 4 2okt &
R G2 R REBOfI R R 2 A T B AR S kR
Tl REAR  PAeo R EAT R ETIY ARERETREI R R T K
EpRAE U ﬁ‘ﬁﬁs@iﬁi,@ﬁ%» (Rl s SHEE ) Rabesd & o A bR

LI NI T TR R Y R R S TS e A

SRR T Y L ERT Y T R Rl L R
o R R PR TR PET BB SRR

SRS LA = FERS EETE F RS =R R = 1 PN TN I

\ﬁ:

.
e

’F_k

BB Y G RBA LG om0 S F R T A & A

\EF.

W

RN S ESIET EAE S D) LR STE N RN I S S TR

B AT AR SRR R AR R Y AR A

Bl AKFEe- By kMELRY HF -

6.1.3 F iR L]

AELRARF U RA ST AR L S ST Vbl ko 5

U E R RS NEER S LRI

FEFRT I RESTLE R IBES “Fehii A4 > BRKED 5>
IR HE R &Y AtHmentAs > LA A AL LT B AEMMEST I E
ERmEZY SR ARBRWANEL PN FRTY 0 BROS B EL- B

1 AL /F"’“' AR o

38 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

KK AT LS TR AT R i PR e % 2 i

[z SR i e o

o

DR TR EE AN TELHS S SR T L e
B PR R EEREN (A AR hAR T AR LR AR
PTAZ MR HRMFUAIBLII I U REESRESE R AR E ST

Ak A BAEY MRS o T AR ) L 5T AN R BRI

IR o

AR %Y R ERFOTRESTRE R RA BRSO F o T AT RER
PR E TS TR G R F AR Y ok i L e % D i
T e 2 2 A& T 2T 4 0 R BN R i R R B SRR 2 AR

Botdn ke #1502 RAg A TR B 4 AR .

6.2 Future work

6.2.1 3T R P

FrHETRTPAPEFLE IR A3 FF AP BT 7 R
AE R CRFFORVEITERLAF RO FEAEL Y LG R %I
G R A o G F T BT S A S A5 S R R
PooRRFRAREN R L YRR IR A AR < AT AL el

ARCLIEES AT BT R R im0 R
4 B4 GPT-4o 4 & 2 F 2 M > BA B K i R 2 M) B o &

EHor Claude3 Bfe 2 2 fh 7 LA FWR R P Up FAL LEFEL fHeaop F -

39 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

Foob o AR PR ABSR 1 FF chd Y 3 oo Gldrdk B s kT
o TR LSRR Y AR FAD L RS E S AT HAI LT T E R

FEYAMF B AL A PlApiRE aiRie s R A DA LG L4

Flgt o BA R ? o F P Ae R Bor sl 2 SR A S Va3
TR MEFHAS ARG LA FR Y DM G RAKREH B S RN

7L

fafkemcii o LB EE R -

AR A EREABL ARG FET MM T HAG RERFRS 2T

% i A2 ¢ '}l’ﬁ#%’{ﬁf‘é?’ﬁ?j‘ e g A S BA 2 SO BE ) ok LR

,
L2

w
A

WAL FFET G TR A KT LR T 2 Sel-RAG ~ ReAct %
f”%’é‘]"&g’gﬁfii'];bjj%j\ —Efgﬁ’ { Ui&-%ﬁ?iﬁ

g’éi q\«i%"%,ﬁ}_% ”E’\Eft_:} —ﬁf%‘;\:’ mvj’l&ﬂ—b “'KA,\ o

~|

ARG T LF AR FHE LRt R 0 XY Aol B B2y
BRI ERAMRE L ST & F R AL RDR R IR o sk T

FASXFR BT AN INBRFATOTE S E > SHRG R RS AR

YRR R LR B o

6.2.3 ApRE AR E2 gL oA B

AP O PMEREEFFEY I 77 351k 0 T2 Bip % (QRD-Relevance

Metric ~ SDRD-Relevance Metric ~ SDA-Relevance Metric ) ‘]5'3 g % * 4p e g BE 12

—\

R o Aa o AR LV R & B * cPip MR B E > ¥ 47 F

n

BT R R e o A B AT MR B R R

40 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

7. .
IFLp\é,\m —é?‘

v gm L2 8k 2 i M 1245 % (SDRD-Relevance Metric )
B maFERASE B M B A gt @F R AT AR E AR AP
FOTHB P FLFEEAF LGRS DML a4 RS T SDRD-
Relevance Metric ; PR & 328 2 # dpfh o o83 2 LA R 7 0 E ik

o 40 VL ED A S ende T i k- e o

KK R T LR S B AR i MR R BB 3 R

B ™ ofa i € i 0 B MG bR e g ki o

41 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

\\\?{}

5

[1] A. Asai, Z. Wu, Y. Wang, A. Sil, and H. Hajishirzi. Self-rag: Learning to retrieve,

generate, and critique through self-reflection, 2023.

[2] J. Chen, H. Lin, X. Han, and L. Sun. Benchmarking large language models in

retrieval-augmented generation, 2023.

[3] S.Es,J.James, L. Espinosa-Anke, and S. Schockaert. Ragas: Automated evaluation

of retrieval augmented generation, 2023.

[4] Y. Gao, Y. Xiong, X. Gao, K. Jia, J. Pan, Y. Bi, Y. Dai, J. Sun, and H. Wang. Retrieval-

augmented generation for large language models: A survey, 2023.

[5] Z.JI, N. LEE, R. FRIESKE, T. YU, D. SU, Y. XU, E. ISHII, Y. BANG, W. DAI,
A. MADOTTO, , and P. FUNG. Survey of hallucination in natural language gener-

ation, 2022.

[6] M. Lee. A mathematical investigation of hallucination and creativity in gpt models,

2023.

[7] P. Lewis, E. Perez, A. Piktus, F. Petroni, V. Karpukhin, N. Goyal, M. L. Hein-
rich Kiittler, W. tau Yih, T. Rocktidschel, S. Riedel, and D. Kiela. Retrieval-

Augmented Generation for Knowledge-Intensive NLP Tasks, 2020.

42 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

[8] J. Menick, M. Trebacz, V. Mikulik, J. Aslanides, F. Song, M. Chadwick, M. Glaese,
S. Young, L. Campbell-Gillingham, G. Irving, and N. McAleese. Teaching language

models to support answers with verified quotes, 2022.

[9] A.Neelakantan, T. Xu, R. Puri, A. Radford, J. M. Han, J. Tworek, Q. Yuan, N. Tezak,
J. W. Kim, C. Hallacy, J. Heidecke, P. Shyam, B. Power, T. E. Nekoul, G. Sastry,
G. Krueger, D. Schnurr, F. P. Such, K. Hsu, M. Thompson, T. Khan, T. Sherbakov,
J. Jang, P. Welinder, and L. Weng. Text and code embeddings by contrastive pre-

training, 2022.

[10] Qdrant. Cloud platforms faq dataset.

[11] P.Rajpurkar, R. Jia, and P. Liang. Know what you don’t know: Unanswerable ques-

tions for squad, 2018.

[12] S. J. Semnani, H. C. Z. Violet Z. Yao, and M. S. Lam. Wikichat: Stopping the
hallucination of large language model chatbots by few-shot grounding on wikipedia,

2023.

[13] J. Wei, Y. Tay, R. Bommasani, C. Raffel, B. Zoph, S. Borgeaud, D. Yogatama,
M. Bosma, D. Zhou, D. Metzler, E. H. Chi, T. Hashimoto, O. Vinyals, P. Liang,

J. Dean, and W. Fedus. Emergent abilities of large language models, 2022.

[14] J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F. Xia, E. Chi, Q. Le, and
D. Zhou. Chain-of-thought prompting elicits reasoning in large language models,

2022.

[15] O. Weller, M. Marone, N. Weir, D. Lawrie, D. Khashabi, and B. V. Durme. “Ac-
cording to ... " Prompting Language Models Improves Quoting from Pre-Training
Data, 2023.

43 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

[16] S.Wiegreffe, J. Hessel, S. Swayamdipta, M. Riedl, and Y. Choi. Reframing human-ai

collaboration for generating free-text explanations, 2021.

[17] T. Zhao, M. Wei, J. S. Preston, and H. Poon. Automatic calibration and etror correc-

tion for generative large language models via pareto optimal self-supervision, 2023.

44 doi:10.6342/NTU202401285


http://dx.doi.org/10.6342/NTU202401285

	摘要
	Abstract
	目次
	Introduction
	研究背景
	研究動機
	研究預期產出
	研究假設

	Related Work
	Retrieval Augmented Generation
	Self-RAG
	Model Hallucination
	Prompt Engineering
	Refusal to Answer and L2R
	Embeddings
	Retrieval Augmented Generation Assessment

	Methodology
	模型設計
	相關性閥值（Relevance Threshold）
	檢索增強生成適應性指標
	主要指標（Primary Metric）
	（1）支持文檔與提問的相關性指標
	（2）支持文檔與檢索文檔的相關性指標
	（3）支持文檔與回答的相關性指標

	輔助判斷指標（Auxiliary Assessment Metric）
	（4）提問與檢索文檔相關性
	（5）提問與回答相關性

	預期實驗設計

	實驗模型設計
	指標數值制定
	結果評估
	指標性能實驗
	生成器實驗

	實驗資料集
	Cloud Platform FAQ Dataset
	Stanford Question Answering Dataset (SQuAD)


	Results
	檢索增強生成適應性主要指標性能
	ROC Curve
	Analysis of F1-Score and F2-Score
	其他生成模型

	輔助判斷指標性能
	區分回答依據

	Discussion
	實驗結果與應用
	大型語言模型性能影響

	Conclusion
	Limitation
	相關性分數與閥值的限制
	僅適用於大型語言模型生成器
	實驗過程限制

	Future work
	探討提示詞的影響
	與其他檢索增強生成架構互動的能力
	相關性閥值與指標權重的調整


	參考文獻

