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What is trustworthy RAG system?

« LLMS 8%t RAG system?| 22|/ (trustworthiness)2 2F&St X} g O A

Factuality: documentZ HIE 2 = T4dE SHE Wd5t=
=g
oS T
Factuality Transparency
refers to the accuracy and truthfulness e o involves making the processes and . o
St bAoA decisions o the system lear and Robustness: adversarial attack, system error0| Z 15+
understandable to users. o A L
8 + Y 54
Robustness Accountabilit c : . o
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Fairness o Privacy
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minimize bias and ensure equitable data and user privacy.
treatment of all users.
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Fig. 1. Six key dimensions of trustworthiness in Retrieval-Augmented Generation (RAG) systems. N y co = |- I- TO-I = -|O1| -I
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Why should we refer this paper?

« Retrieval error and Factuality

RAG systemOj| Al external knowledge = retriever2 €l 5. O| [ff retriever2 external knowledgeE Y= M2 CHE2| BN S L=
- Retriever2| performance0i [t2tA Z oot ##HO0| Q= document7f =2 /tsd
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InstructRAG

Q Vanilla RAG | © InstructRAG
Retrieved Retrieved
documents Question § , documents Question ¢
(<) Learning Objective , fe—* Learning Objective
d d
LA @ PG(G|Q:d17---=dK) L KIE ) @ pG(T|Qadla---adK)
'
@ Lan Model | (@ Lan Model i
Docdy | &> g Mo => @ J| Docd: > anguage Mod > |RationaleT
[ My — My
) Oy , Input: <retrieved documents> Based on your knowledge and\l : o\ l Input: <same as in vanilla RAG> :
Doc dx I the provided information, answer the question: <question> : J| Docdx , Output: The second document mentions.. 1
\Output: <answer> O )1 Therefore, the answer is <answer> |

Figure 1: Comparison between vanilla RAG and our INSTRUCTRAG. In vanilla RAG, the model
is tasked to directly predict answers given user queries and potentially noisy retrieved documents,
without explicit denoising processes or explanations for how the answer is derived. In contrast, our
proposed INSTRUCTRAG generates rationales that explicitly denoise the retrieved documents and
justify the predicted answers, enhancing both the generation accuracy and trustworthiness.

Retrieval error?} 2 35H= RAG systemStO|A] answer generation2 TH‘d5H= Vanila RAG system2| vulnerability X|
7|E9| HHHE2 noise?t EMSHE =0 A direct answer generation® St=E implicitStA &&

- O[3t implicit St& HAI2 LM2| outputl| =2 27, 2F QIS LS| o83

Z|2 0|22t Vanila RAG system2| answer generation & 4/10| @ 7 E S| ZSt A} answer A& 1PH0]| denoising= St= 2 O|
71250 A=

- Denoising2 answer 4°d 180 LMO| Z=0{Zl document setd Z 823 document2t 1 &X| 42 A2 FESH= rationaleE
M MB= 74
o O —_ A

7



InstructRAG

& Vanilla RAG @ InstructRAG

Retrieved Retrieved

documents l Question q' documents l Questionql

(<) Learning Objective TR Learning Objective

d d
LA @ PG(G|Q:d17---=dK) KIE @ pG(T|Qadla---adK)
> )
IQDoc & | > Language Model > w @ bocdy | ©> Language Model 2> (Rationaler
M9 - Mg
) Oy , Input: <retrieved documents> Based on your knowledge and 1 ro— v Input: <same as in vanilla RAG> :
l Doc dx I the provided information, answer the question: <question> : Doc dx , Output: The second document mentions.. 1
\ \ Output: <answer> N B /1 Therefore, the answer is <answer> |

Figure 1: Comparison between vanilla RAG and our INSTRUCTRAG. In vanilla RAG, the model
is tasked to directly predict answers given user queries and potentially noisy retrieved documents,
without explicit denoising processes or explanations for how the answer is derived. In contrast, our
proposed INSTRUCTRAG generates rationales that explicitly denoise the retrieved documents and
justify the predicted answers, enhancing both the generation accuracy and trustworthiness.
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InstructRAG — Method

- Step 1: Rationale Generation

Step 1: Rationale Generation for RAG ' Step 2: Explicit Denoising Learning
- (1 Kt e \
Denoising Instruction d?::tu"rﬁ‘:\(tjs ' E In-Context Learning Supervised Learning :
]
o '
@ @ ] i Language Model M Language Model My E
uestion 1 (Frozen) (Trainable) !
Language Model M I !
> [ | < f s
.s @ ) H Prompt: <instruction> Prompt: <instruction> )
S i e o e e S e e i o

. & lQ Docdx ’ as demonstratlons as training data

[? Rationale N I S L
The second document mentions... . : o 9 I:
. W Questlonq' Rationale " Doc d1 Doc dg] ey
Therefore, the answer is <answer> ] . —_ ) :
Figure 2: An overview of INSTRUCTRAG. In step one, given the question g, retrieved documents

1, ,dg und- wer a ini , W i ion-tu
dy,- -+ ,dg } and ground-truth answer a from the training set, we prompt an instruction-tuned LM

(i.e., rationale generator M) to generate rationale r that explains how the answer can be derived
from the potentially noisy input. In step two, we utilize the synthesized rationales from the first step
to guide the LM (i.e., rationale learner M) to explicitly learn denoising of the retrieved documents,
either through in-context learning or supervised learning. By default, we use the same model for both
M and My, but they can be instantiated with different models as well (see ablation study § 3.3).

ExplicitStA rationaleE generationdt= 7|8t 2¢O 2
rationale r ‘44

RAG &&= 27dts #& HOIEHAS| outputs
SEos LEeE B
for each (g,a) € 7 do

Retrieve D = {d1,--- ,dx} + R(q)
Synthesize denoising rationale r < My(q, a, D)

Augment training data 7 — 7+ = {{(g,7)}
- substring match r 1t a 2| YX|80| 98%0|EE F
textZ+2| consistency &

Notation
M, rationaleE $83t= LM
R off-the-shelf retriever
T = {<Q7 >} 9| g2t GT answer a2 T+l A& [ O|E Al

A
T = {(q,r)} 22l g% denoising rationale, answer?} 22t &l
S & HojEfAl




InstructRAG — Method

« Step 2: Explicit Denoising Learning

Step 1: Rationale Generation for RAG

Denoising Instruction Retrieved In-Context Learning
@ documents
© poc dy

Questionq (Frozen)

Language Model M
E> (Frozen) i <::' o Doc d3

1
]
)
]
]
1
! Language Model M,
]
]
1
]
1
1

i

Prompt: <instruction>

bl

& o Doc dx

as demonstrations

-(9)- Rationale Y W, A S
T secord vt mem‘/ons..‘. Questionq' l Rationale " [0 Doc dl] [9 Doc d2] e
Therefore, the answer is <answer>

Step 2: Explicit Denoising Learning

____________________________________________________

Supervised Learning

Language Model My
(Trainable)

Prompt: <instruction>

____________________________________________________

as training data

Figure 2: An overview of INSTRUCTRAG. In step one, given the question g, retrieved documents
{dy,--- ,dx} and ground-truth answer a from the training set, we prompt an instruction-tuned LM
(i.e., rationale generator M) to generate rationale r that explains how the answer can be derived
from the potentially noisy input. In step two, we utilize the synthesized rationales from the first step
to guide the LM (i.e., rationale learner M) to explicitly learn denoising of the retrieved documents,
either through in-context learning or supervised learning. By default, we use the same model for both

M and My, but they can be instantiated with different models as well (see ablation study § 3.3).

Notation

My Folof 2M set0] Q2O FO|E [ rationaleE MASEZ

StEE LM

LMO| noise?t &=l document setO] FO{E {0 =
denoising rationaleE 4 ‘d5t= explicit denoising learning=
ALA|

=

if LearningMode == In-Context Learning then
Sample ICL examples £ = {{g,r)} C 7"
r + Mo(r|g, R(q), E) given inference query g

else if LearningMode == Fine-Tuning then
Fine-tune My on 7+ with retrieved documents {{q,r, D)}
T + My(r|g, R(q)) given inference query ¢

return r

"D il\iSTRUCTRAG-ICL

p Detailed in Table 10
> INSTRUCTRAG-FT

> Detailed in Table 11

InstructRAG-ICL
- (question, answer, rationale)E n7H2| shot £ =11
question, document setO| F=0{&E [l Denoising
rationale® 4 45tES In-context Learning
T+ ={{g,7)}
InstructRAG-FT q,
- step1 Of| A ‘4ot £ o5 HO[HZ
0| 83}10] explicitStA| LLMO| denoising rationaleS
St & ots
WA O larr MHE ALTI OFT1 OIHEMH O 2 Af%Elf

max Eg ry~7+ log pe(r|q, D).
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InstructRAG

Datasets

Table 2: Dataset statistics and retrieval setting.

Experimental Setups

Dataset Train Test Retriever Top-K Recall@ K
PopQA 12,868 1,399  Contriever 5 68.7
TriviaQA 78,785 11,313 Contriever 5 73.5
Natural Questions 79,168 3,610 DPR 5 68.8
ASQA 4,353 948 GTR 5 82.2
2WikiMultiHopQA 167,454 12,576 BM25 10 40.7

Knowledge-intensive benchmark®|| 2310 InstructRAGL| 8 &Y

PopQA: wikipedia®l ZXi5t= entityE HIEH 2 E QA pairg T8510 popular,
unpopular X|Al0f| 2 LML 8 &4 =785t= open-domain QA dataset
Trivia QA: M| evidenceli ¥ &= 9! trivia question®| CHSE answering=
2 75t= MRC dataset

Natural Questions: AF&X}E 2| google search queryE HIE#C = 7d

o

QA

dataset

ASQA: 2tE0f| et of 2 0| EX 5= ambiguous question0f 2510 EHHS

-5} OF St= long-form QA dataset

2WikiMultiHopQA: Wikipedia, WikidatagE HIE2 2 T4 El Multi-hop QA
dataset. EfH O] 2HE triplet HEHZE XS

11



InstructRAG

Datasets

Table 2: Dataset statistics and retrieval setting.

Experimental Setups

Dataset Train Test Retriever Top-K Recall@ K
PopQA 12,868 1,399 |[Contriever 5 68.7
TriviaQA 78,785 11,313 |Contriever 5 73.5
Natural Questions 79,168 3,610 DPR 5 68.8
ASQA 4,353 948 GTR 5 82.2
2WikiMultiHopQA 167,454 12,576 BM25 10 40.7

2t datasetOtCt retrieverO| A &2 HAM document set=
LMOJ| A 8oz == iAoz Ao T

datasetOtCt Recall@kZF 1000 7H4XA| 2 B2 =20 AM 7[5t A=
imperfect retrieval result &&2 Lsl= A
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InstructRAG — Experimental Setups

« Metric & baselines

Metric

- Accuracy: PopQA, Trivia QA, Natural Questions,
2WikiMultiHopQA
- Exact Match (EM): ASQA

- citation precision (pre), recall (rec). ASQA

NLI 2 2S5 28010 ZHO| d-dot 5 & statement
s;, Citation set ¢; 7t2| entailmentE& HIE 2 E precision,
recall 578

recall: M X| ¢;7t statement s; £ entail St=X| —

s; 7F document set0| 2AHHA HHE =X =20l
precision: 7H& ¢; ; 7 statement s; & entail St=X| —

L Q3 citation Pt =S =X| =20l

Baseline

X Qtsh= YAl O| training-free, trainable settingO|7| 20 baselines =
ofof Sk 47
1. training-free setting
Vanilla zero-shot prompting
- non-retrieval zero-shot baseline
Few-shot demonstration with instruction
- non-retrieval few-shot baseline
RALM : in-context retrieval-augmented language modeling

- retrieval document + query 2/ 2 2 answer generation 7!

2. trainable setting

vanilla supervised fine-tuning (SFT)
RetRobust

Self-RAG

13



InstructRAG

 baselines details

Is it true that Colonel Walter Phelps served the United States Army for more than 30 years?

Ret RO b u t ' 'I?ecomposmon step #1 : @

Q1: Who is Colonel Walter Phelps?

Retrieval step #1 /o

E1: Walter Phelps: (Oct 29, 1832-February 20, 1878) was an
officer in the Union Army throughout the American Civil War,
serving as commanding officer of the Eastern Iron Brigade.

omposition step #2

r*: Final answer.

A1: Colonel Walter Pheips was an officer in the ...
1Q2: How long did Colonel Walter Phelps serve the United
States Army?

Retrieval step #1 ,o

[E2: Walter Phelps: [['Walter Phelps Jr.], ['Allegiance’, 'United
States of America Union, [Service/branch', ‘United States Army
Union Army, ['Years of service', '1861-18657, [Rank’, ‘Colonel
Bt. Brigadier General])

E1: Walter Phelps: (Oct 29, 1832-February 20, 1878) was an
officer...

Q1: Who is Colonel Walter Phelps?

A1: Colonel Walter Phelps was an officer in the Union Army
throughout the American Civil War.

Al: Colonel Walter ..

Army?
A2: Colonel Walter Phelps served the United States Army
for 4 years.

¥

No.

Q2: How long did Colonel Walter Phelps serve the United States _|

Figure 3: Interleaving decomposition and retrieval in Self-Ask format (Press et al., 2023). The model
generates intermediate questions and answers until generating the final answer (model generations
are shown in pink). Retrieved evidence for intermediate questions is prepended at each step.

1
X

st& YES Meh RALMAE LLMOIA| (D, @} 2 =0] 012 AE 4
dgs SEME

- single-hop setting: 7|&

retrieval context, low-ranked retrieval context& & r,, ¢ &

&GOt = XA

- multi-hop setting: multi-hop QAS

AGHZ0| SR X %2 LLMO] retrieval 4
=]

/8 ot 7H2| questiond

e =23 IIf robustst =

dataset0i| off-the-shelf retrieval2 O| &3l top-1

F2~47} 9]

decomposition questions ‘4-det F| Zf decomposed questionOFCf

retrieval2 A A|.

H A4
o

Experimental Setups

(RAG)
Prompt How did US states get their names?

Step 1: Retrieve K documents

@ Ofthe fity states, eloven are named
after an individual person.

@ Fopular names by states. In Texas,
Emma is a popular baby name,

Retriever o California was named after a fictional
island in a Spanish book.

SelfRAG

Step 2: Prompt LM with K docs and generate

Prompt How did US states get their names? + ) @€

ot their names from a variety of

sources. Eleven states are named after an
individual person

Some

incly/ 4_Utah, are_named_after
Contradictory ~ merican tribe] No information in passages

Ours: Self-reflective Retrieval-A

d Generation (Self-RAG)

Prompt How did US states get their names? Step 1: Retrieve on demand

RATN |

Step 2: Generate segment in parallel o o 9
Prompt + @ Prompt + o Prompt + ©
::]H of 50 state names E
come from persons. -

Step 3: Critique outputs and select best segment (77

[:) >0 mm >o0m
% > [” ,J‘ > Repeat.... —> US z‘nvuy

ome from persons. @J)26 states are named
after Native Americans, including Utah.

their names from a variety of

Prompt: Write an essay of your best summer vacation

Q006w

Prompt: Write an essay of your best summer vacation

¥
% > My best summer vacation is when my family and | embarked on a road trip along

Figure 1: Overview of SELF-RAG. SELF-RAG learns to retrieve, critique, and generate text passages
to enhance overall generation quality, factuality, and verifiability.
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- 2 documentO}Lt parallelStAH| beam-search generation2 & A|

- beam-search generation2 & [}

- O| I} top-BE MEst= 7|E2 IsRel, IsSup, IsUse token - g<HE

MR

top-B2| segmentE 44

o

|l=e 2
4

M

e



InstructRAG — Result

« Main result

Table 3: Overall results of INSTRUCTRAG and baselines on five knowledge-intensive benchmarks
in training-free and trainable RAG settings. We re-implement baselines and report their performance

. .. . B . . . . . O —_ E
as t‘he higher c?ng between the original scoreE and our reproduced results. * mdlcat‘es the rgsplts - Wltho ut retrieva | TerlaQAO'” A—I ELII'_: AC-Dl = Ol EFAC-Dl ED|
copied from Asai et al. (2023b) for reference. “~” indicates the results are not reported in the original
paper or not applicable (e.g., some methods cannot produce citations). The best performance is = C =1 AL L
highlighted in bold. — parametric knowledge2 S&05| 2dY &= U= task, data contamination O+ | 7|
PopQA TriviaQA NQ  MultiHopQA ASQA
Method (acc) (acc) (acc) (acc) (em) (pre) (rec)
Baselines w/o Retrieval
i . . o . . . . o [
Vag;]ll?GZ;;:-shothmptmg s » . - RAG without tralnlng. x|_-I I:||_|-&|| O 2 Non-retrieval baseline EH Hl _L:E'E_: AC->| =
al 29.3 3 - - 353 - -
Llama-3-Instructg 22.8 69.4 46.6 45.6 30.6 - - '
Llama-3-Instructzo 289 806 579 57.5 1 - - + InstructRAG7} X018 s M
RAG w/o Training
In-Context RALM (Ram et al _2(23)
ChatGPT* 50.8 65.7 - - 40.7 65.1 76.6
Llama-3-Instructsy 623 71.4 56.8 43.4 400 621 664
5 . . . . . L L — ==
. LlaSn]}laJ]-)lneruch;ni 63.8 763 602 512 81 629 676 - RAG with training: ASQA citation ol A self-rag CHH| EOX|= ds M 25 X1 Ms
‘ew-Shot Demo. w/ Instruction
Llama-3-Instructgy 63.1 74.2 60.1 45.3 426 550 644 CFA
Llama-3-Instructsos 63.9 79.1 62.9 53.9 454 493 571 =0o
INSTRUCTRAG-ICL
Llama-3-Instructg 64.2 76.8 62.1 504 47 709 741 [ [ o = fe) O . . - L
Llama-3-Instructrog 65.5 81.2 66.5 513 478 691 712 - Ol = X'" O|'°|' HI' = Ol den 0|5|n901| 7( o= I'—r7| ;u|\7| [[HIO'" citation tl'En_ Jg [S) Ol
RAG w/ Training
. od T . g L Ao o] L kel S M= CHAM
Vanilla Supervised Fine-tuning X oz 7 = o| comparable®
Llama-3-Instructs, 610 739 566 56.1 FEY S =0iAl= A 2l 1LF O3] P = Qe =°
Self-RAG (Asai et al 2023h) . = .. . . O AE
Llama-27, 5538 689 424 359 300 669 678 - J2iL} Self-RAGE= CHE H|O|EH A A Ef training baseline E 3| SFT CHH| S35t
Llama-2,3, 56.3 70.4 46.4 36.0 314 703 713
Llama-3-Instructgs 55.8 71.4 42.8 329 369 697 69.7 Mo Eolxl 1=Kt
RetRobust (Yoran et al | 2(024) o o= =
Llama-2;35 - - 39.6 51.5 - - -
Llama-3-Instructs, 56.5 71.5 542 54.7 40.5 - - H o O C a Brn ey LIFO o
INSTRUCTRAG.FT - NQ, PopQA, TriviaQA2| A2 bt baselineS! w/o trainingdt CHH|SI0] H2 M52
Llama-3-Instructgy 66.2 78.5 65.7 57.2 47.6 657 705
[ o = O
HOlz Rk EX — Z2 generalizability
between the original scores and our reproduced results. As our method adopts instruction-tuned
Llama-3 as the backbone model, we also train RetRobust and Self-RAG with Llama-3-Instructgg — . St AM=CI A
and optimize their performance through extensive hyper-parameters search. More details on im- - RetRObUSt ES M U|t| HOpQAoﬂ A-I Comparable '—l- co = o.
plementation, including training, inference, and prompt design are available in Appendix B and - . = o o o =
Appendix D. We also present some case studies in Appendix C. OI: oH % method7|- mu|t|_hop QAE i E_:I OI_|- tra ining %I‘ O-” A—I 7| | OI_|- ‘| oz _I_Ko-i
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InstructRAG — Result

« Robustness of InstructRAG with respect to noise ratios

—o— InstructRAG-ICL —_ . InstructRAG-ICL - — »—  InstructRAG-FT -
—e— Few-shot Demo. w/ Instruction < 70 —8— Few-shot Demo. w/ Instruction 60 <70 —&— Vanilla SFT ol
Fa R x € |- A
=4 £ 65 50z &65 0
Sy > g k7
& < 5} < )
=47 4 % 60 08 860 10 8
& w 8 . -
S =300 & A S T
42 < 55 30 S5 e 30
0 1 2 3 4 5 1 3 5 7 9 1 3 5 7 9
# of demonstrations # of retrieved documents # of retrieved documents
(a) Training-free RAG setting. (b) Training-free RAG setting. (c) Trainable RAG setting.

Figure 3: Impact of different number of demonstrations and retrieved documents. (a) Demonstration
sensitivity study of INSTRUCTRAG-ICL. (b) Noise robustness study of INSTRUCTRAG-ICL. (c)
Noise robustness study of INSTRUCTRAG-FT.

- ASQA, PoP-QA Hl|O|E{4I0]| CHBHA Top-k documentE =20 el d& Bt E mtofet

- |25t InstructRAGZ} baseline?! few-shot Ci{H| demonstration S7}0] 12 YAMOl M5 AS 22

— Direct answer generation® 2-7'5}= baseline CiH| rationale gen demonstration 21atd &5

- X|9tSt InstructRAG 7} baseline?! few-shot X SFT CHH| noise ZH0E ZHSH 2E5S EY (b) (o)
— trainable, training-free 2. A20| A noise ratios 370 robust?t 52 ¢
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InstructRAG — Result

. Generalizability of InstructRAG with respect to unseen tasks

B Bascline B InstructRAG = BN Baseline InstructRAG = InstructRAG

566 | =
= R, =
%’ Seaf | | 2
g g
- <
’% 62 v g
60 | ] | | <

ID 00D OOD 1D 00D ID 00D ID 00D ID 00D

Training-Free Tramable

Training-Free Trainable Training-Free Trainable

(a) Short-form to long-form QA. (b) Long-form to short-form QA. (c) Single-hop to multi-hop QA.

Figure 4: Generalizing INSTRUCTRAG from source domain task to target domain task, where ID
and OOD denote in-domain and out-of-domain settings. (a) PopQA (short-form QA task) as source
domain and ASQA (long-form QA task) as target domain. (b) ASQA as source domain and PopQA
as target domain. (c) PopQA (single-hop QA task) as source domain and 2WikiMultiHopQA (multi-
hop QA task) as target domain. We adopt few-shot demonstration with instruction and vanilla su-
pervised fine-tuning as the training-free and trainable baselines.

- InstructRAG2} baseline2 in-domain data(ID)0| &2 &Lt ICL shotO]| in-domain dataE 31 Out-of-
domain data(ood)0f| 250 452 5

ocoo= T

- Long-form QA: ASQA task, Short-form QA, single-hop QA: PopQA, Multi-hop QA: 2WIkiMultiHopQA

- training-freeQ| &< in-domain demonstrationg 7tX|1 ood0i| &3S O mtet

1O M=

- M2+t InstructRAG 7} baseline@! few-shot % SFT CHH| 2Lt unseen task generalizations &2 £ &
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Why should we refer this paper?

« Grounding error and Accountability

RAG system= AAEl external knowledge Ol ZXot= M EE grounding
CH

S |
O] &H 2l RAG system2| LM2 2% FO{Tl document set0®| 2ol Al EHS Hd Sioket. O] [ Cfg2| Atet=0| 25 112X 0{OF &

- FO{Tl document setO| | EHHO| 252 4% HH MMHZ TIAsHX| ¢ &t (refusal)
- FO{Tl document set=2 Solf HMHE EHHO| documentl| O £ 20 7|°._3H CIQ=X| ohetgt 4= JA00F T (citation)
- document2| Ed E20| 7|Ql8}| MEMCEEtE ST LfE0| HetotX| mtet:| 0 OF 2 (correctness)

EESE LMO| parametric-knowledgeE AHE3HX] external knowledgeE grounding SHA| 211 22 HHZ +HWst= 20| 23t penalty £
Elg_
=

RAG system St LM2| grounding s38& CHEHO 2 HIISHE metric 22
=

— RAG systemOf|A| Retriever, Parametric knowledge?} #0{sl= 22 N 2|50l WIHE TISH X}

=g

RAG systemOj| A LMQ] document set grounding S 3= refusal, citation, correctness
B 5£E 12{st TRUST-SCORE metric H|2t +
LM2| grounding 53 % citationsHS & = U= TRUST-ALIGN dataset= H| ¢t
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TRUST-SCORE

« Motivation
- = A7 LLIMO| 0T & H2| document ZYETHS &30 Eol0f 2ot HHE +5t= LLM2| document grounding S3&
TS AX} o
- 0| RAG system StO||A LLM2| grounding s 32 ISt a At g [ LLMO| ‘4-d3t output2 HIZH2 =
Z=01% document HEO| ZHsHAM Hd}=X| §FES Lot X} g

LLM2| output= HIE 2 Z groundednessE& LHUSIIAL g M LM @F THO| retrieverl| &1} LM| parametric knowledgel| EeF
2{sto] EHERsHOfet
- Retriever?| S K| 2|: H 440 2AH5t= documentE X E9| citationdt=X| E7}
— document set & 2t U= documentE HES| ALEH=X|0f 2ot It
- Parametric knowledge @& H|2|: FHZl document setC 2 SHZ & =+ A= G2 refusal 53 HJ}t
— LLM2| parametric knowledgeE At&5t= 0| OFl =O{Zl external knowledgeE 0Lt & 2&3H=X|0f 2ot &
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TRUST-SCORE

« Motivation

- &2 A= RAG A0 M LLME| trustworthinessE CHEHO| Al 11 2{SH= metric?! TRUST-SCOREE | Ot

- TRUST-SCOREE= 37}X| Z 30| A RAG system S} LM2| GroundednessE 7t
- Refusal: The ability to discern which questions can be answered or refused based on the provided documents
- Calibrated Correctness: Claim recall scores for the answerable questions
- Citation
- Recall: The extent to which generated claims are supported by the corresponding citations
- Precision: The relevance of the citations to the statements
— TRUST-SCORE is designed to specifically measure the LLM’s performance within a RAG setup,
isolating it from the influence of retrieval quality.
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TRUST-SCORE

* Problem Setting

- & 7= LLMO] FOIZl document set2 ETt groundingdi A B2 SOk S
[t2kA LLMQ| parametric knowledgeZ document setll Sl LIS HHSI=E A

o allucinationi| s =&t
- 2 A= LLME trustworthiness, 2 2|4 S groundednessZ X| 250 H 2

* Groundedness F70| A 1 2{si0fF & 37tX| R4

Answerability: questionO| FO{%l document setd] entail &|= 2%
Refusal: questionO| FO{Z! document set@ Z 0| E7H5%t B2
Hallucination: LLM2| EfH0| =0{Zl document setOf| 7| QISIX| %2 AL

- Inaccurate answer — EMAC

- Over-Responsiveness; refusal2 EfsfiOFst= Alstof| A HH e MMt 42 Elra, Flretr
- Excessive Refusal: HHHE & = U= MM refusal2 HHE Md5t= dF Ing, Flans
- Overaction: 20| BHS W dotLt 2T citationS dd5l= dRleq, CP
- Improper Citation: 2 EO| & M40 &=3t citationO] THH MMof| 2o e ARl e, CR
Z Grounding 30| =2 LLM2 F0{Zl document setC 2 EHHS & = Y= A4S0 A0 EHE sHlstn T
documentJE SE 480 ArEsHof e

_,_
iy

rk
$0

rir
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TRUST-SCORE

* Problem Setting

Notation
AG = {agl, 55 agn} gold answerZ claim TH¢|2 Eolot A
Ap = {adl, Ce ey adn} gold claim%d F0{Zl document setOf| M 7| & 5= A= claim
AR = {aﬂ, - ,am} DH0| 43t B responseE claim THRI 2 26lsH A

7|1Z2| groundedness metric @7 CHQ| Aoz LEM, = —lAfAmjm + |AFAOGJTG|

Ol = LMZ2| parametric-knowledge”} 7 5t= —?—% 2 1HSIX| 2t

G
B =22 parametric-knowledge 7H 20| M 7{El Atzto| M, = % © 2 groundedness upper boundE Ast1

metricg 74
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TRUST-SCORE

« Overview

TRUSTSCORE

1
TRUST-SCORE = E(FIRG +EMEL + Flcg)

Response Truthfulness

Attribution Groundedness

Grounded Refusal (F1Rg) Exact Match (EMR1C)

Citations Grounded (Figg)

1 2EM%. - EM?
FlrG = 5 (Flrer + Flans) EMj=——AC __xC

2.CP.-CR
£ Flog =~
EMS%. + EM, CP + CR
. 2Pres - Reer E 2Pas - Runs 1 1
Fler= 5" R Flan = - CR = CR® CP=—— CP%
ki o BMio=, X ML 7 _5,} \5| 2 14 2,101 &
T gi€AgNA, Ag c;€C
b _ oA 04y p 04 eSS
e R
EYH] Al ) :
=4, N-A |4, 1 Agl | z EMZc CR* = d({cit, . .. »Cid} 5i) CP% = ¢(cij, 5i)
Ref = L0 Ryps = ————2 ; —b({cir | b # ), 8
' A 14, "neAnA, ¢({cin,- -+, cigtr si) =+ {0,1} OR ~d({e |k # ) e)

A, : Set of answered questions A, : Set of answerable questions | A |: Number of elements in the set

EM : Exact match recall for question g;

i (€1, €2, - |- Statement and corresponding citations.
51 {€i1.Cip, ... }: Statement and corresponding citations

CR? : Statement-wise citation recall CP% : Citation precision

Figure 1: TRUST-SCORE calculation shown as a computational graph

TRUST-SCOREE LLMS =873t

St RAG system@| Truthfulness, GroundnessE &A|0f 112{5}0f StLto| M2
AEE

- Response Truthfulness: 4%l SEHO| T4
Attribution Groundedness:; A A&l SEHoj| Z &t

= cita t| nO| H|CH =z l-d| A=K
rust-Score = §E RG ]1*_11 %&;—I— {ca)
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TRUST-SCORE

« Response Truthfulness: Exact Match Recall

Fot

DEO| WMot & S0 document0f 7| 21510 MM HAM O £F20| AHHO| E&otX[ 0
(Correctness)
D 0| -89t response S document DO 7| QISHHA] correct®tX| O £E recall #E2 2 =7

rk

) Ac N Apn A
* Exact Match Recall ~ EM% = Ao A Ap] i

sample & EM recall

.MFIL dataset1Xt ELLQIA‘I EM rec @}EHQ | 2ol MILS -
3 AC ™ |A | i€ARNA, aﬂlﬂ Eéé 0] S5Bt case & correctness 57

[«

B _ 1 qi
EMy ¢ = |Ag| ZQieArmAg EM4c - Answerable case & correctness

-I|>+

O

Ar N Ay O] summation2| delimiter?t E| 22 unanswerable 420 &2 B0| 8 H penaltyS

o B
AC EM¢ . + EM?
AC AC

X|= MA| dataset XF2 EM recall2 F1-scoreZ At=

Mo

Al

Atto| 71F0| £l= HH cases SHEY &= U= question set 4, 20| SET question set A,
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TRUST-SCORE

« Response Truthfulness: Grounded Refusal

B 39| refusal (unanswerable), answerable question L& &3 It

= answerable cased SEHES MMt H| &, unanswerable caseZ refusal H &S F1 2HO 2 1}el

- A, ™A case S unanswerable questions
—A, BHO| SESHX| 23 questions
Oe2iM ol 4E QI HEE -4, N =4, = 1 0[0{0FE. & unanswerable questionsOf CHSA = 25 refusal2 8 Of

1 L- O
re]3
1 * Over-responsiveness 5’3 X|H
Flrc = i(Flref T Flans> Pref 1mol 442 #2822 = MR unanswerable2| H| S
Ryef A M| unanswerable 8% S LLM2| M HE H[=
El 2Pref + Reef Fl _ 2Pns - Rans
b Pref + Rpef o Pans + Rans * Excessive-refusal §Xo'| x| H
|=A, N A, |Ar N Ayl Pans LLMO| M3t AL 5 answerable2| H| &
Pref — W Pans = T R

" " ans H™A answerable 4% & LLMe| MM H|Z

A, A ANA

R = DT R = 702
Ay g



TRUST-SCORE

« Attribution Groundedness

RHO| EHS 4

DEO| A MBS} Cf
sz,{cll,czg,...,cm}

= pdoo| MAM3sI 2X}

o= 2y

MSH [

* Citation Recall
. sample—wise citation recall
Si
P =0({Ci1,Ci2y 5 Ci ity Si)

NLI 23 pE 28

= -85} citation document set C; 0| s; £ entailSt=X| Q!

dataset-wise citation recall

CR = ﬁ ZSEAf, |3€| Zsies CR™

0;|7|A-| AS'— EE—IIO' AH A

Mat I =R documentE & X (cite)SHHA MMM =X|

2 statement B2 FLESH O CF20F 20| LM E 24

o =22 2L 59 statement?t &% document citation numbering“set {¢i,1, ¢i2, --

St response QHOf| LBt El statement2| &

.,C@j}

* Citation Precision
* sample-wise citation precision

CP% = ¢(Cz’,ja 8;) - 2 document c;; j/t G E s, &
OR —¢({cixlk # j}, i) entailSHEX| 2l

+ dataset-wise citation precision

1 1 c
CP = TA.] ZCEAg C| chec CP

O 7| A A¢= 2 HO| M Bt response 2FOf| Z£ 2t = citation2| &St

—l Hdd
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TRUST-SCORE

« Responsivness

K| casedl CHSHY LLmS| S & H

oo =
EE?@

- O|AMM © 2 AR%+= dataset®| answerable distributionS [}2f0fF &t

| Ar]

AR% = 3

9|‘|’ﬁ|Ag|
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TRUST-ALIGN DATASET

Questions |

@ Seed Prompt Curation

ASQA Retrieve
[ eus
QAMPARI A
Wékxﬁedna,
1 phere
TextClustering  Knowledge Scoring

@ Positive Answer Generation

... Matt Prater at 64 yards
[Gold Claim 2}, ... Ove

—  Johanssoninal976 —>
Gold Claim 1]

Questions (Gold Claim 1)

Filter top 3/4k S
questﬂ)ns /" || Documents [( &ngjﬂ

® — Ba —
k% — B~ ¥

/ Unanswerable Questions

Positive Answer: “l apologize, but | couldn't find an answer to your question in the search results.”

.. Matt Prater at 64
yards [1](3}, ... Ove

= | Top-100 ‘ m— ! A
documents 10k | oo, | — &2d 1 e — Johanss[or\lir]\a1976

5 : ‘ 2114).
N\ | seedset GPT-4 Citation

Ove.Johansson synthesizer Mapper

Positive Answer (r*)

[iok] ok |
Seed Set Aug Set |

,@u l‘?@im‘

@ Negative Answer Generation

‘ Question

— EEE

Top-100

Document
Recombination

———(2) Augmented Prompt Curation
Question | | Question Aug. Set
N w || Questions

RS

Foo] f _ SeedSet Supervised Finetuning Calculate
||_Questions s
{[oracteDoss|| — |~ LLaMA27b

[ Documents

/? Gold claim1 |

[z J—Q Gold claim2 |
_—l\

T X [ Gold claim3 |

@ TRUE NLI

@ Answerability Labelling

— Entailment
pattern:
[1,1,0]

Inference

[70kResponses | —» B’_ —
l Only 40k have
1 ! e >0
[ Questions |! #*
‘ = SFT

Filter

Hallucination
e top-50%

lip/) Negative
Y 7 Answer(r)
-

Filter to 19k

‘ Docl || Doc4 -
e || el | o (6) Alignment
Doc2 Docs —  [1,2,0]
[1,1,0] [0,0,0] | | - — Direct Preference —————
e o e M [ Questions [_PositiveAnswer || ~"Optimization | ¢ ppo-
[1,0,0] Answerable kil 3[ Setof 5 Documents | [ Negative Answer | | LLaMA

* Trainable

@g Frozen l Seed Set A"";;"“d Document

Figure 2: Overview of the TRUST-ALIGN. Left: The curation of both seed and augmented prompts (Q-
D pairs) and an example of the answerability labeling process during the retrieval stage. Right: The response
paired data generation process. First, we obtain positive answers and then select hard negative answers. Finally,

we align our model via DPO.

RAG system'<'5|- LLM2] trustworthiness=

o

SEAMAF| 7| @I8F alignment dataset @] TRUST-ALIGN DATASETS 7

A
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Experimental Setups

Datasets

Knowledge AttributionO| Z 2%} long-form QA dataset0 50| TRUST-SCORE
TRUST-ALIGN dataset@ 2 a&5H 221} baseline?t2| H| A& T

* In-domain

*

ASQA: £HH0] haf 62 EHO0| EXHot=
245} OF SF= long-form QA dataset
QAMPARI: 2 2|0 3 &S| #I3 o8| paragraphE 7X[= 7!

ambiguous question0j| 2+S+0]

2 = U= B E entityE S5t QA dataset
ELI5: open-domain questionO|A| 54 OtO|= O[3l == US +=F2| L AMITt

answerS 445l OfF St= task

out-of-domain

AH M

ExpertQA: 32712 HZZ20F HZ0| CHSHO] citationO| A= answers 47

ol OFSt= long-form QA task

C
=i

EA0A RO

Input Question: Who was the ruler of France in 18307 l—»[ Long-Form QA System ]

J

Knowledge Source

£ w o
|  Knowledge Source
b 05y
w4

I Reference 2:

Reference 1:

Charies X (born Charles Philippe, Count of Artois) was King of
France from 16 September 1824 until 2 August 1830. France
faced urban riots which led to the July Revolution of 1830,
which resulted in his abdication and the election of
Louis-Philippe | as King of the French. Louis-Philippe was
swom in as King Louis-Philippe | on 9 August 1830.

ASQA evaluation

~
Rouge

max(R1, R2)

The French Revolution of 1830, also

1 Output Answer: ‘
L known as the July Revolution or the ... )

[
Disambig-Acc ‘<—‘

Geometric Mean mean(@1, 02)

Disambiguations
(from AmbigQA)

Q1: Who was the ruler of
France until 2 August 18307
Charles Philippe, Charles X

Q2: Who was the ruler of
France after 9 August 18307
Louis-Philippe

‘ DR Score

/

Figure 1: ASQA is an open-domain long-form QA dataset that focuses on answering ambiguous factoid ques-
tions. Input questions are sourced from AMBIGQA _(Min et al., 2020). Long-form answers must be sufficient to
answer disambiguated questions from AMBIGQA (short answers are marked in blue and green), and should intro-
duce additional knowledge from Wikipedia (highlighted in red) to resolve ambiguity and clarify the relationship
between different short answers. The DR score we propose combines ROUGE and Disambiguation-accuracy (that

is, correctness) metrics, overcoming the issues with long-form QA evaluation outlined by Krishna et al. (2021).

g: Who are the directors of movies produced by Eric Newman?

Producers Eric Newman and Marc
Abraham developed the film [...].

|

horror film directed by Zack Snyder in his

Dawn of the Dead is a 2004 American action
directorial debut [...]

|

fiction action film directed by Henry Jost and

Project power is a 2020 American science
Ariel Schulman, produced by Eric Newman.

L

Remakes of The Thing (2011) and Robocop

Newman conceived and produced [...].
(2014) followed [...].

e

Robocop is a 2014 American superhero film
directed by José Padilha.

&

= (o
Schulman

|:> José Padilha

Figure 1: An example from QAMPARI with a generated
question g, a subset of its evidence Wikipedia passages
(left, p;) and their corresponding answer.
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Experimental Setups

« Baselines

Trainable setting
5. o Self-RAG: LLMO| AAZ2 EHQO| 2} retrieval® 2ASHD

Ol &8ct ¥y Zutof i3t critiquedts HE2 2

Train-free setting

rir

« ICL: Answer generation + inline citation2 =245}

shot prompting= 311 generation & A|

«  PostCite: LLMO| retrieval 810| HF2 A4443t outputof citationO| Z}0[El generation output ‘44
Ch5H0] GTRO| top-5 documentOl| CHSt score2 EH23}0] «  FRONT: LLMOf|A| grounding-guided generation training

e , =2 HoMs|= - A A S
4 output| statementO}C} citation matching & Al frameworkE M @tSt= A7 GroundingE #X &2t

«  PostAttr: LLMO| retrieval 20| HFZ 443t outputO| <0 citationO 2&l answerS generationdt= A |2t
«  Trust-Align: LLaMA, Qwen, Phi A€ 2 &0f {50

CHSHY 2 statement& 2 TRUE-NLI 2 & 9| scoreE N
okt = = 22l = TRUST-ALIGN dataset2 DPO HAlo 2 ot

2r2310] -9 output?| statementD}LC citation matching

------------------------------- Two-Stage Training Recipe ------------------cccmommmmono
A

:' /— Grounding Guided Generation —\ ( {"3 Consi y-Aware Ali it \

..............

N

\

'

'

' '

% \

H Qr;o‘lms‘y :“’h:a'if;g:"" Grounding @ The bakers () the hole i the centre of the ! | Question: Why do bagels | 1 o !

' =2 : 77O vagel fensures that it bakes evenly). 1 ChRiSTOSSINITICR |« b T Bagel holes (.. great :
, e = surtace area 0O/

¥ :BG':: m:?:;:\:g:s g‘f" W"‘n';ﬂ by @ Prior to () the hole was originally put in + Prior to (...) place to allow * handing and traneport ©. .

: v enrgau a’“uoa Ammm'a place to {allow for easier handing prior). : for easier handing prior. : Consistency :

1| suggests that they were used for o The ring shape fallows heat to circulate imp | TRITTTTTTT A EXER ZEXE CELEREEL LR ol

! | easier handiing and transport®. @ aroun d} (...) makes bagels to cook faster &  Gold Grounding Consistent Answer ;S L

H i e e T L""9"ML“"9“I lage ‘.::_-_-_-_-_-_-:_-.-_-::_-_-_-::_-_-_-1Dg '

Supervised Fine-tuni el ' 5 g ' )

s pe "9 6old Grounding Inconsistent Answer g 3

! Question & VET IR T SRR A

ywp| Large Language '

! Documents Model [P ———— Direct Preference Optimization (DPO) I Bagel holes (..) o !

! K | SRte Y meioded Dol _}' \ (..) handing and transport ) !

. .

Figure 3: Overview of FRONT: The training recipe consists of two stages: grounding-guided generation and
consistency-aware alignment. It enables LLM:s to first generate precise grounding and subsequently guide the
generation of attributed answers, thereby enhancing fine-grained attribution capability.




Result

« Main result

ASQA (610 answerable, 338 unanswerable) QAMPARI (295 answerable, 705 unanswerable) ELIS (207 answerable, 793 unanswerable)
Model Type Resp. Trustworthiness Resp. Trustworthiness Resp. Trustworthiness
AR (%) Truthfullness  Att-Grd. TRUST AR (%) Truthfullness  Att-Grd. TRUST AR (%) Truthfullness  Att-Grd. TRUST
EMEL| Flge  Fleg EMY] Flgg  Fleg EMLL| Flge  Flee
IcL 000|000 | 2628 000 876 000 | 000| 4135 000 1378 050 | 000| 4671 000 15.57
Pos(Cite 1044|007 3523 000 1177 3440 |o000| 573¢ 950 2228 090 | 186 4498 504 17.29 . = " .
LLaMA-2  PostAur 1044|007 | 3525 000 1177 3440 |o000| 5734 378 2037 090 |186| 4498 000 1561 o N|2tSH TRUST-ALIGN H|O|HE =850 al ignme ntsS
b Self RAG 10000 |4519| 3915 6349 4928 9600 | 681| 2823 1995 1833 7350 |1494| 4020 1380 2298 oty L
FRONT 10000 |6047| 39.15 688  S6.16 10000 |17.27| 2278 2426 2144 10000 |2166| 1715 5272 3051 XI_I <<>:|>-| % [[H I—] =] |-I'| O| A‘i Ol oI:Aol-El O-I truthfulness g oI: ol-Al 9:,
TRUST-ALIGN (DPO) 6530 [5248| 66.12 8394 6751 3230 |[3203| 7167 4942 5104 2160 |2254| 6327 4735  44.39
ICL 1741|2152 4140 1383 2558 2650 | 044| 5957 000 2000 4640 [1997| 5481 473 2650 o orCck | oo Lix D:i
LLaMA2  PostCite 9051 |[221| 4991 153 1788 10000 | 000| 2278 805 1028 7660 |227| 3805 072 13.68 U :I'I'X'” Xo o= TRUST-A LlGN_ response s g+ H == 7<|-—|—
13b PostAltr 9051 221 4991 017 1743 10000 | 000| 2278 295 858 7660 |227| 3805 009 13.47 i
Self RAG 10000 [4852| 3015 6979 5249 7270 | 271| 4858 2691 2607 2210 |1277| 5868 2454  32.00 = A0 refusal H=tEE E} ba se||ne|:H H 3H SAAIA
e
ICL 6023 [3595| 5094 996 3228 1920 | 632| s264 038 1978 8840 |1287| 27.10 523 15.07 =) | ALK | =13
PostCite 4357|059 | 5022 024 1702 4120 | 032| 2979 161 1724 1840 | 204 | s088 102 17.98 hallucinated answer generatlon = 3'71 = 1 =]
LLaMA-32 PostAttr 4578|048 | 2842 000 1630 3400 | 063| 4843 021 1642 1840 |204| 5088 007 17.66
-1b FRONT 79.11 |4822| 5448 4829 5033 9860 | 7.57| 2454 1532 1581 9720 |16.11| 2076 3019 2235
fffffffffffffffffff s O it 2 BEALO| | 7|4 810
TRUST-ALIGN (DPO) 4167 [3864| 5861 7935 5887 2000 |[27.22| 6792 4942 4819 960 |1320| 5935 4821 4025 U Ol' TRUST-ALIGNT citation F1= %;I: OI'O'I 5-71 7 o
o
IcL 127|204 | 2708 5395 2799 3410 |1606| 5965 1287 2953 2190 |1855| 5556 3070  34.94 grou ndi ng s E:| ot Ao}'Al ?:I
PostCite 4726 3103 5659 2299 3687 3960 | 634| 5522 683 2280 9280 |18.12| 2514 444 15.90
LLaMA-32  PostAttr 47.15 |2076| S671 469 3030 4200 | 510| 5374 027 1970 9280 [1848| 25.14 053 14.72
3b FRONT 9525 |63.19| 4945 5746 5670 9270 |1299| 3289 1909 2169 8690 |1995| 3221 4197 3138 1O &EAL
fffffffffffffffffff e e B T N ittt O| ot Lg{o SEA | |h
TRUST-ALIGN (DPO) 7785 |59.82| 6638 8421 7004 4820 |2913| 7085 4565 4854 1750 [1833| 6279 5587 4566 — LLMO| citation, refusal s 85 &dA — TRUST-ALIGN
= =
IcL 148|301 | 2858 8650 3936 390 | 592| 4860 2024 2492 000 | 000 4423 000 14.74 dataset 9-' Rﬂf’é‘,‘ = %:'
Pos(Cite 7753 |3298| 5331 2801 3810 8700 | 6.10| 3452 842 1635 6200 |2080| 4588 806 2491
LLaMA-3  PostAttr 7753 |3298] 5331 595 3075 8700 | 610| 3452 164 1409 6200 [2080| 4588 125 2264
I S P fGR| de el o i || HR sk W1 Be 0] TS 0 TR g ciof 1 sIA correctness Z 10| A= 27 0] ZBH0)
TRUST-ALIGN (DPO) 5643  [5394| 6549 8826 6923 2240 |3535| 7073 5877 5495 1550 |2081| 6357 5024 4487 e =l o= = - O L

0 C M R= B Mo Bl B2 ALA
TRUST-ALIGN boosts trustworthiness over baseline methods. As shown in Table 2 and Ta- [0 HO}O:I Rla= EMAC’ EM ds& TElM = HE 2

ble 3, TRUST-ALIGNed models demonstrate substantial improvements on TRUST-SCORE over the
baselines in 26 out of 27 model family and dataset configurations. Specifically, with LLaMA-3-8b,
TRUST-ALIGN outperforms FRONT by 12.56% (ASQA), 36.04% (QAMPARI), and 17.69% (ELIS)
on TRUST-SCORE. This suggests that TRUST- ALIGNed models are more capable of generating re-
sponses grounded in the documents.
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Result

« Main result

Prompt AR% EM,, EMS. EMS. EMFl,c Ry Pet Flet Rus  Paus  Flus Flgg CR  CP  Fleg TRUST-SCORE

LLaMA-3.2-3b
ICL R 127 063 5278 104 204 9941 3590 5275 164 8333 322 2798 5347 5444 5395 27.99
PostCite R 4726 1656 3664 2691 3103 6391 4320 5155 5344 7277 6163 5659 2299 2299 22.99 36.87
PostAttr R 4715 1576 3518 2578 2976 6420 4331 5173 5344 7293 61.68 5671 4.69 469 469 3039
FRONT R 9525 40,68 63.19 1095 8222 1932 9869 66.67 79.58 4945 60.04 5509 57.46 56.70
SFT R 6804 2375 4789 5064 4923 5148 5743 5429 7885 7457 7665 6547 8023 7152 7563 63.44
TRUST-ALIGN (DPO) R 7785 3181 5982 4231  68.10 5219 89.02 7358 80.56 66.38 8500 8343 8421 70.14
TRUST-ALIGN (DPO-halfy R 6245 2328 5074 4924 4998 5680 5393 5533 73.11 7534 7421 6477 8395 77.08 80.37 65.04

*ASQA dataset LLaMA-3.2-3b 2 Z0fA] TRUST-ALIGN2 EMy (2 20| ST case T recall) 546322 FRONT 52.94 C{H| 243t 452
=g

2Lt EMIEC(XJHI answerable case & recal)| 42 ¥2 M52 2¢

-otH DHEIO| TN SEHOF St= questionOf CHSHA AKX SESH HlE&2 LIEILH= X|HQl Ranse= TRUST-ALIGNO| 89.02%,
FRONTZ} 98.69%2 TRUST-ALIGNO| H|23}0] O HUYS

1}

- O|2{3t 22| Q2 TRUST-ALIGNS| FRONT CHE| &2 responsiveness 89.02% vs 92.25%0 A 7|2915t= Ao 2 FH

CHA| ZSHH M dMSH7| 20| 20| SED question?| 7H=7t EH S0 227} EOIX|= a recall potential2 =0
HIHE M AH| caseE A2 E St B recall potential =OLX|7| |20 0|24t s 40| LIEILIE Ao 2 O &f

P
rot

X Xt= O|Z 3|l TRUST-ALIGNO| per-sample recall2 &2 7hs40| Exjjstctn F%
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Result

« Main result

Table 3: Qwen2.5 and Phi3.5 families evaluated on the three datasets.

ASQA (610 anmwerble, 533 nanswerabie]  QAMIPARI (253 anwerable 705 nanswerabl)  ELIS (307 anwerable 793 nanswerabe Table 4: Performance of models with only SFT applied as compared to TRUST-ALIGN models. Best
Model  Type Resp. Trustworthiness Resp. Trustworthiness Resp. Trustworthiness R . )
AR (%) Truthfullness At-Grd. ypygr AR () Truthfullness AU-Grd.  ppyer AR(g) Truthfullness  AttGrd.  qpyer values within each famlly are bolded).
EMEL Flgg  Fleg EM{ Flig  Fleg EM{c Flge  Fle
ICL 29.85 2096 47.19 0.35 22.83 11.40 245 5067 0.00 17.71 82.30 1373 3314 037 15.75
PosiCite 610 855 5084 823 2254 1700 067 5251 572 1963 8980 987 2710 410 1369 ASQA (610 answerable, 338 unanswerable)  QAMPARI (295 answerable, 705 unanswerable)  ELIS (207 answerable, 793 unanswerable)
Qwen-2.5 PostAttr 46.10 855 50.84 223 20.54 17.00 067 5251 0.90 18.03 89.80 9.87  27.10 0.68 12.55 - - -
-0.5b FRONT 100.00 4283 39.15 45.87 4262 99.30 11.52 2323 15.90 16.88 99.90 13.74 17.29 27.95 19.66 Model “pe Resp. Trustworthiness Resp. Trustworthiness Resp. Trustworthiness
TRUST-ALIGN (DPO) 7184 5059 6128 5240 5476 1790 1576 6184 2973 3578 2170 1368 6079 2272 3240 AR (%) ““::'f“"ms A-Grd.  1pUST AR (%) ““:1‘““"&5 Att-Grd.  1RUST AR (%) “’“}‘:“““"ess Att-Grd.  1puer
EM{: Flgg Flgg EMi: Flgg Flgg EMi. Flgg Fleg
ICL 98.52 50.55 41.74 6.69 3299 85.00 15.60 41.27 8.61 21.83 99.40 2056 17.78 499 14.44 =
PostCite 71.73 1636 5246 15.40 28.07 11.20 344 5111 13.95 22.83 91.50 1563 2671 5.17 15.84 LLaMA-2 SFT 80.17 5321 63.43 79.61 65.42 31.60 33.76 71.13 46.37 50.42 29.50 21.58 63.30 39.59 4149
Qwen-25  PostAtr 7173 1636 5246 445 2442 1120 344 SLIL 107 I8&s4 9150 1563 2671 062 1432 b TRUST-ALIGN (DPO) 6530 5248 6612 8394 6751 3230 3203 7167 4942 5104 2160 2254 6327 4735 4439
-1.5b FRONT 99.26 5774 4136 55.70 51.60 98.80 16.05 2445 11.60 17.37 99.90 19.57 1729 37.70 2485
””””””””””””””””””””””””””””””””””””””””””””””””” LLaMA-32  SFT 6382 4561 6391 7310  60.87 2600 27.98 6820 3796 4471 2050 1456 6393 3728 3859
TRUST-ALIGN (DI 72.57 2.68 X i . 0.4 = .44 . 47.7! .60 19.03 7.91 31.63 e
RUSTALIONOPO) T257 268 [COSENCCHINNNGNRN 000 MSSOMSHAMENIE % —. i -1b TRUST-ALIGN (DPO) 4167 3864 5861 7935 5887 2000 2722 6792 4942 4819 960 1320 5935 4821 4025
ICL 2743 3772 5136 51.72 46.93 2230 23.17 6327 41.20 42.55 68.80 29.12 4631 3434 36.59
PosiCite 876 958 3530 1094 1861 010 000 4131 000 1377 4970 2173 4849 756 2593 LLaMA-32  SFT 6804 4923 6547 7563 6344 2760 2809 7022 3803 4545 1470 1592 6259 5333 4395
Qwen-2.5  PostAur 876  9.58 3530 3629 27.06 0.10 000 4131 2500 2210 4970 2173 4849 131 23.84 -3b TRUST-ALIGN (DPO)  77.85  59.82 6638  84.21 70.14 4820 2913 7085  45.65 48.54 17.50 1833 6279  55.87 45.66
-3b FRONT 9747 55.15 44.01 62.72 53.96 79.10 2069 48.62 25.67 31.66 93.60 18.69 2537 37.40 27.15
TRUSTALIGN (DPO) 4947 5519 6376 7864 6586 4810 3569 7031 4564 5055 1350 2252 6438 4201 4297 LLaMA-3  SFT 6899 5235 6606 8095 6645 2420 3385 7LI1 4801 5099 2360 2257 6506 4685 44383
-8b TRUST-ALIGN (DPO) 5643 5394 6549 8826 6923 2240 3535 7073 5877 5495 1550 2081 6357 5024 44587
IcL 92.09 5894 5434 75.46 6291 56.30 2892 63.67 39.28 43.96 82.70 2827 3713 44.13 36.51
i oL s 4s; 4B s M 8% Qs L5 Bm se 2k 2a 8 06 Qwen2.5  SFT 8344 3871 5803 5747 5140 1850 1602 6135 2782 3506 3550 1050 57.19 1957  29.09
wen-2. ostALr X 2 .93 2 X . ¥ 3. 43 X 3 .23 . . N
brec25  PoilAli olde; Jmop dses 1T 3046 a0 8w Gls Da iy ) gl nd DSeL 100 -0.5b TRUST-ALIGN (DPO) 7184  50.59 6128 5240 5476 1790 1576 6184 2973 3578 2170 1368 6079 2272 3240
TRUST-ALIGN (DPO) 5949 5504 6622 8357 6828 3210 3011 7068 5348 5142 2100 2430 6379 4702 4504 Qwen-2.5  SFT 7827 4423 5875 7108 5802 2550 2389 69.66 37.68 4374 4130 1414 5535 2769 3239
“1.5b TRUST-ALIGN (DPO) 7257  52.68 6238 6681  60.62 2000 2380 6846 5098 4775 3360 19.03 57.91 3163 3619
ICL 63.19 50.24 5195 42.64 48.28 70.20 1191 4390 1226 22.69 81.50 2759 3717 30.14 31.63
e LR R ESEER R IEE r—T—— =  ga me GRS T EE e uo B T G iE 52 Bl
hizs,  Peam DA S ek 2 B0 e B du Do bao g0 loe0s 08 118 3b TRUST-ALIGN (DPO) 4947 5519 6376 78.64 6586  48.10 3569 7031 4564 5055 1350 2252 6438 4201 4297
TRUST-ALIGN (DPO) 6656 5223 6420 8536 6726 3010 3642 7395 5340 5459 2490 2339 6762 4742 4614 Qwen-2.5  SFT 6530 5073 6450 8207 6577 3170 3358 70.10 4908 5092 2550 2078 6425 4689 4397
“7b TRUST-ALIGN (DPO) 5949  55.04 6622 8357 6828 3210 30.11 70.68 5348 5142 2100 2430 6379 47.02 4504
Phi3.5 SET 6646 5192 6434 8277 6634 2910 3504 7393 4938 5278 2450 2250 6570 4679  45.00
TRUST-ALIGN generalizes across model families and sizes. Table 3 demonstrates that TRUST- ~mini TRUST-ALIGN (DPO) 6656 5223 6420 8536 6726  30.10 3642 7395 5340 5459 2490 2339 67.62 4742 4614

ALIGN improves the models’ TRUST-SCORE across various sizes and architectures. In small mod-

els like Qwen-2.5-0.5b, TRUST-ALIGN significantly outperforms ICL baselines, achieving notable

gains in ASQA (22.83% — 54.76%). Similarly, for larger models such as Qwen-2.5-7b, TRUST-

ALIGN delivers substantial improvements, as seen in ASQA (62.91% — 68.28%), highlighting its Trust-Align DPO= SFTEH |:|| citation Eﬁ:l @g’ 0‘" 3_7‘” 7| OZI -C"I;!' (f1_CG)
scalability. The largest gains are observed in smaller models; for example, Phi3.5-mini shows re- -
markable improvements over ICL: 18.98% (ASQA), 31.90% (QAMPARI), and 14.51% (ELIS5).

Ct3t correctness (EM), Refusal (F1_RG) 4--0f| CHSHO] spT CHH| = HS0| =X
Qwen A E, Phi-3.5-mini0| M = Yl d& 40| LIEHH
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e Qut-of-domain =2 &

Table 7: Generalization test results on ExpertQA using refusal prompting.

Model Type AR (%) EMLL Flgg Flgg TRUST
ICL 051 000 4101 952 1684 Model  Type AR (%) EML Flgg Flcg  TRUST
LLaMA.p  PosiCite 562 485 4427 523 1812 ICL 7824 2142 3871 044  20.19
b PostAttr 5.62 4.85 4427 226 17.13 Qwen2.5 PostCite 51.41 1332 4808 5.6 2233
FRONT 100 933 2392 7475  36.00 an " PosiAur 5141 1332 4808 149 2096
-------------------------------------- - FRONT 99.86 1827 2405 3462 2565
TRUST-ALIGN (DPO) 2001 2503 6791 6246 SL8 o Como mmommm oo omem o - A
N = H . ALS
- Y TRUST-ALIGN (DPO) 3296  18.16 6331 3507 3885 ‘TRUST-AUGNOl |:|-: HHH = EH I:|| Out-of-domain 2! %I-O-" A—I =
PostCite 3084 548 491 267  19.08 o =
LLaMA-3.2  postacr 4841 824 4772 15 1915 IeL o834 3067 2609 68 2112 _;':::: TRUST-SCORE= EXOI-
-1b ERONT G55 o085 0% 3145 2015 Qwenas FosiCie 6219 2222 4866 1692 29.27
. : : b . 1Sy PostAtir 6219 2222 4866 1315  28.01
”””””””””””””””””””” - FRONT 9959  29.15 246 5022 34.66
TRUST-ALIGN (DPO) 1544 2032 64.87 62.1 49.1 | T o o o . . — o
ffffffffffffffffffffffffffffffffffffff SHH GpT A€ R 2O A2 EME 02 = X| 8t refusal =
. el el = =— oT - T = /M f retusal, citation s 5 —
IcL 5874 335 5121 3837 4103 TRUST-ALIGN (DPO) 30.2 2506 6838 51.44 4829 I—I-o x| = O =, il o ] 5 O| o
LLaMA-3.2 g"sg"‘; ggzg %g'ig gg;; 51'? ggg ICL 68.88  35.14 4965 42.67 4249 = Oo. = |t OH o 2 = | parametric knOWIEdgeoﬂ | _Ol-O:I
-3b oS g . : = ‘ PostCite 0.05 0 4066 0 13.55 L Xt AHAM S : pgio St A OloS
JRRONT B3 224 434 091 03 Quends gy 005 0 406 o0 1353 answer= 2 ‘&g StL} grounded generation s 52 BO{TICH L 2 = RIS
TRUST-ALIGN (DPO)  7.24 1172 5693 7835  49.0 FRONT 9548 2567 2986 4448 3334
TRUST-ALIGN (DPO) 17.15 2097 6579 6025 49.0 o . n L e
PosiCite 1588 106 008 10> 297 *Claude-3.52| B2 EM ChiH| refusal, citation 5 =2 Zt=0] HH
LLaMA-3 | ) \ ! ! 56 3633 4228 5609 449
P, PostAttr 1568 1406 5008 629 2347 IcL 84.5
- FRONT 0026 3034 2492 567 3732 Qwenz.s PostCite 4214 2558 549 1377 3142
______________________________________ T Postaur 4214 2558 549 1246 3098
TRUST-ALIGN (DPO) 1641 2736 67.07 70.11  54.85 FRONT 6551 3241 5556 6735 51.77
GPT-3.5 ICL 59.47 36.65 5639 6393 5232 TRUST-ALIGN (DPO) 2499 2557 69.16 62.7 52.48
GPT-4 ICL 7220 4132 5291 69.83  54.69 ICL 85.15 3749 4022 3614 3795
Phids PostCite 5201 2796 5364 739  29.66
ICL 66.07 4262 644 5461 5124 -mfm PostAttr 52.01 2796 53.64 57 29.1
GPT4o 77 LTI FRONT 9737 2819 275 6582 405
TRUST-ALIGN (SFT) 3684  28.85 71.68 6198 5382 == - - - m o - m oo m oo oo
TRUST-ALIGN (DPO) 26.05 2769 6956 61.6 52.95
Claude-3.5  ICL 7395 1168 5191 107 2476
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Discussion

« LLM refusal and correctness tradeoff

- TRUST-ALIGN dataset@ 2 st& ot 22 Refusal ‘d-d
- 0|23t Refusal 2| 242 hallucination H’d <&l

= O

excessive refusal case@AHQ 2ot = A

— RAG systemO| M| X2 2 Ot 2 0M BEHHS

Zdot=X g+ 2R

« Need for reference-free Truthfulness metric

- TRUST-SCORE?Q| 7|2 ™A= GT answer2| =X + GT answerl document &=

— Reference-free truthfulness metric @12 2o

oor

4

L} correctnessS %

=X|, 12|10

ol
AN
2t A 2 22 annotationO] 9= dataset + LLMEE 1 XM O] 28| A] truthfulness 7S & = 9

0| 7t FEMS

o sk BR20]| excessive refusalO|

& woll 7t £ 0]
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