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® IMRBFENX RO

. Q ASMEBEMRIAE (Outward Knowledge Boundary)
/ Model-Agnostic Unknown Knowledge \ 0 SEVELRNE (Parametric Knowledge Boundary)

Q BAMIRBARE (Universal Knowledge Boundary)

Model-Specific
Unknown Knowledge

Prompt-Sensitive
Known Knowledge

—

TURhZSRIRIRMIR

Q BRI REIR Prompt-Agnostic Known
Knowledge (PAK)

Q ERERRISEIEIR Prompt-Sensitive Known

—————
- -
- ~-o

/" Prompt-Agnostic
\ 1
 Known Knowledge-

-~ -
S —_—_——-—

Knowledge (PSK)
/ O EEUSERIFRENFTIR Model-Specific Unknown
— Outward Knowledge Boundary ~ Knowledge (MSU)
Parametric Knowledge Boundary O EREIFTREIFRAIZNIR Model-Agnostic Unknown
— Universal Knowledge Boundary Knowledge (MAU)

\_

Knowledge Boundary of Large Language Models: A Survey, ACL 2025
Unveiling knowledge boundary of large language models for trustworthy information access, SIGIR 2025
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SEMIRIB5R (Parametric Knowledge Boundary)
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® How 1: HFWA THRTILEARE

ERIEREFRRETNARABPMRE, BMTABRESXESHRENE

%mgﬁi * Constraint in Text Rep. for Dense Retrieval

%*@ . 1*%;21 hll'i O: Text Representation <> Other Unit ZCZ - Essential Matching Unit

_______________ N\
2 2 Dot Prod | Mask(0 00) — Amplify(z) | R2
DO UCt Matching Representation I Relevance
& 0d & oty wed i vamng b o e
%‘f Amplify essential matching unit and mask other units
_— \_ when performing dot product of text representations. -/
% @ o / - RI)
Query: O Passage: ? O ¢ ‘
/
@) ChatGPT D+ ¢
@ Evenly aggregate the semantics of the units into text representation to
=@ \__implicitly and comprehensively express each unit of the passage. )
R EAESHEES > Constraint 1: Semantic Unit Balance
S J » Constraint 2: Essential Matching Unit Extractability
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® How 1: MEMA FHREIEBAEE

EFRRERIEFRESTIARARE, B AREaXESHEERIE

BISZEIRE?

BRO: (BRI Ranking List
Seli-Atienfion O(N2) |

7

Ranking List
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® ER=EAONKFNIESE

.
1863.0B Chatbots vs Search Engines:
. .

Total Visits
60.1B Who's Winning the Traffic War?

¥ -0.51% Totel Vish

S R Nl A data-backed comparison of the top 10 Al chatbots and search
(YoY) Change A 2277% engines by total web traffic (Apr 2024 - Mar 2025). Despite
izt YoY Change explosive growth, chatbot traffic remains just 2.96% of search
All Search engine visits—pointing to a growing trend, not a takeover.

Engines

41.5B
foas-2 A 3265% 178
Total Visits k e
-1.41% e #2.DeepSeek
YoY Change
41.3B 178
¥ -22.50%
A 41.28%
l Q #3.Gemini
» 138
A 24374%
37.0B
v-877% #4.Perplexity
@ 1.2B
A 383.44%
#5.Claude
2418
4 3428%

¢cosia

‘ v-1371%

2.78 @ 4.3B ‘
A1307% 3.8B A 1779% 55.2B
A 64.20%
A 80.92%
34xcap
All ChatBots
Al :rjloulszcg::: 5'5 28 w:us last . 920.4M
Lear just 2. of search engine traffic 164.5M 216.5M e
sers still interact with search engines
St A 22083% A 353787.60% #6.Microsoft
108.9M #9.Monica #8.Grok Copilot
2430.21%
o e 221.5M
#10.Meta Al T
#7.Blackbox Al

[1] Image source: OnelLittleWeb
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== Search Engines === A| ChatBots
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160.4B
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3.1B 3.1B 3.38 3.4B 3.58 4.1B 5.0B 5.3B 5.4B 548  6.6B 7.0B
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® FEIBEERRIEE (IR B YLD

REIX VAP SHEK?
TRO: ESiZHE  TRO: EREEE  BRE: BETMK

Self-Atiention O (N?2) | 7\
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® EREENFENEIE I (Data Flywheel)

Feedback Loop in Retrieval Systems

j8255|28 (Search Engine)
Generate RIRES: 8. =i, &

Outputs

fEX/Bing FBE—IRARIEE KL, BEZEH—BFHYERIT]
BIHES (REE. BEE. TirEiXR) ~BIFpIER-

B2 A
\
P collect User | EFERLE (Recommender System)
—————— \ RiGES: 8. =K. 5. <l =%
TikTOKIVEASRE1000Z/M5S, RRAISSFHRE (B
. KE85]) v RIERERIEREE EFRFEANMETE
IR, \NmREEASEE
Measure
Effectiveness
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® SFEIBRERIEE e FTEMIE?
A% Al EEERARRIGESRERR?

Retrieval & Feedback 1 I Query Retrieval & Answer Generated _ Feedback 1 I

Ranking e an® Decomposition | ~ | Ranking “| Generation Response - o
T User : User
Update Model 5 T l——m
: L
(a) Pipeline of Traditional Web Search (b) Pipeline of Generative AI Search

fnes: 585
BEEER: ROFoImEBEERE HRHRNARRIR: 2E Va2
IMEIRRRAAR: —STRETTES SERYESIRVARE : FTABRFRERRNARK
S LIRTS I T a8

NEXT-Search: Rebuilding User Feedback Ecosystem for Generative Al Search, SIGIR 2025, Positional Paper
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® NExT-Search:

E@)z: AFRERIE
(User Debug Mode)

- RS ISHAFPFE5ZMERR
RS,

o : RFRPIRI
(Shadow User Mode)

- Pl MEEREIMEILRR
REFFHREMRIR,

QCon

ERREFARKRE

Rk

User Debug Mode

__________________________

Query .| Retrieval & ~ Answer ; Generated _ Feedback o@e
Ranking Generation ! Response Tan"
---------------- W User

- .
Decomf}s it1on T

Shadow User Mode

__________________________

Rollback & Debug

i Query .| Retrieval & - Answer L Generated . Feedback o @e
. | Decomposition Ranking Generation ! Response o
________________________________________ i User
©® @ ® )

Al-assisted Feedback Simulate
Agent

e (D Debug in Query Decomposition N

- @ Debug in Retrieval & Ranking BN

- = = _query S U ——————
E‘Q Query i, E\Q Sub-q ! Initial Generated Response !
LLM | SIGIR 2025 will be held at the University |
ﬂ) Retriever | of Padua, Italy, from July 15-19. The |
! recommended conference hotels include i
Sub- Sub- Sub- | Grand Padova Hotel and City Center Inn, |
query 1 query 2 query N Retrieved Docs i with prices starting at $200 per night. E
L b A bomccenmaannnnnn s n ___'___""__"_'__"'__'_'
. S, W e ¥ Debug t ff Debug f X Debug
e | e | | ________________1.
i = Add/Remove Sub-queries ! i * Annotate Relevance i i * Correct Factual Errors |
i »  Reorder Sub-queries i i * Re-rank Documents i « Edit Partial Content i
E * Refine Constraints | i * Set Time/Domain Filters | i = Adjust Style or Length !

.f_ (3) Debug in Answer Generation —
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@ NExT-Search: FAFPEIXIEIV (User Debug Mode)

User Debug Mode
] 1 N
: Query 5| Retrieval & 5|  Answer s Generated Feedback o @ @
E Decomposition Ranking Generation | ! Response < aa®*
o oo
Rollback & Debug

/— (1 Debug in Query Decomposition ™ @ Debug in Retrieval & Ranking N (3 Debug in Answer Generation BN

Q| Query FQ Sub-query

LLM

i Initial Generated Response

i SIGIR 2025 will be held at the University
@) Retriever { of Padua, Italy, from July 15-19. The

i recommended conference hotels include

i Grand Padova Hotel and City Center Inn,

Retrieved Docs with prices starting at $200 per night.

1 ¥ Debug f X Debug
' - {mmmmmommToomseoosoososoosooooy i !
i * Add/Remove Sub-queries ! i * Annotate Relevance | i « Correct Factual Errors |
i + Reorder Sub-queries i i * Re-rank Documents i i » Edit Partial Content i
i * Refine Constraints i i * Set Time/Domain Filters | i_' Adjust Style or Length |
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. B =2 =1
® NExT-Search: g2FRHF#&EI (Shadow User Mode)
User Debug Mode
" ___________________________________________________ '\‘
: Query 5 Retrieval & > Answer ! 5 Generated Feedback o @ @
E Decomposition Ranking Generation | ! Response aa*
T oo
Rollback & Debug
L ERPRFRONAE, AR
Shadow User Mode
f \I
i Query 5 Retrieval & > Answer | :! Generated Feedback o @ e
' | Decomposition Ranking Generation | Response Tan"®
R R o o~ -
Al-assisted Feedback Simulate
gent
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® NExT-Search: ME1LHFERER
Q BHeEPRERRHA?

B \ZFRZERFI

A PR

B ERPRTFRIERL Al $EITURIR

User Preference Learning

QCon

ERNEFRKRE

Simulating User Feedback in Query Decomposition

System Prompt: You are simulating a user who wants to
refine a query decomposition process. Based on the pro-
vided user profile, you will review the initial sub-queries
and identify necessary adjustments. You can perform the
following actions: {Description of the actions in this stage}
User Profile: {User-specific preferences}

User Query: {User query}

Initial Query Decomposition: {Original sub-queries}
Task Prompt: Analyze the given sub-queries in light of
the user profile, highlighting any necessary modifications
with clear explanations. Then, generate a refined list of
sub-queries that better align with the user’s needs.

Simulating User Feedback in Retrieval & Ranking

System Prompt: You are simulating a user who wants to
refine a retrieval & ranking process. Based on the provided
user profile, you will review the initial retrieved results
and apply necessary adjustments. You can perform the
following actions: {Description of the actions in this stage}

User Profile: {User-specific preferences}

User Query: {User query}

Initial Retrieved Results: {Original ranked document list}
Task Prompt: Analyze the retrieved documents in light
of the user profile and context, identifying any necessary
refinements with clear justifications. Then, generate a re-
vised ranked list that best aligns with the user’s intent.

Al-assisted Feedback Generation

Simulating User Feedback in Answer Generation

System Prompt: You are simulating a user who wants
to refine an Al-generated answer. Based on the provided
user profile, you will review the initial answer and apply
necessary adjustments. You can perform the following
actions: {Description of the actions in this stage}

User Profile: {User-specific preferences}

User Query: {User query}

Initial Generated Answer: {Original generated answer}

Task Prompt: Analyze the generated answer in light of
the user profile and query context, highlighting necessary
modifications with clear justifications. Then, generate a
revised answer that best aligns with the user’s needs.
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® NExT-Search: MiRtEXHEIER

NEL, BHNAE

& BRiEifdtEt (User Debug Mode) £ 2FAPE (Shadow User Mode)
B SHE. SRENAILRER B E IR Al 38BhTUs IS

B BRAEFEA. SR&EIESMERNA B )T F T AHRES, FERERE

B YIFeER, BFECHESNBRIENRS _ REENEINE SENSEE LN 2= oW NI AN
RSB

B TICRATIRERRENURE, BIREEEERIR
B FIRELD = SNMEERTENGES, &R = TEEIES

QCon InfoQ 1E=151E

ERNEFRKRE



® NExT-Search: EEIFBFPZS5

HE %
- ARPRESSIERERSEH, BHEXEE, [ Feedback Store}
A
-
REEIE (Feedback Store) Provide @ W, —)

- L W

SR
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@® NEXxT-Search:

F

o HEZIEES (Online Adaptation)

- BZE#H (Offline Update) :

User Feedback

Log Storage

QCon
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1P R %

EIHR=1ER, ETARARESEABNEAR
SRR AFP BERHEBEFNL, BEESUH R

Online Adaptation

Offline Update
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® How 2: K{EHRIMNE

TR Z R KR EY

KRB SEIIMEARIESX

i

HiH, HESHAIM%

@ PretrainingBfitE — Next Token Prediction

® RLHFFER -

IR Z [B) el %

Alignment

More likely Base model Preference model

blue =-0.96

_ clear = '_1-60 _ A — [Response A| —» — (A] 61%
The sky is —— /N850 e usually = -2.47 — The sky is blue [ Prompt J LN 7 = »
- p - 0E3, I -
the - -340 O ( b T o
LLM <=_347 o — |\Response BJ — — [ B| 39%
Less likely
Total: -0.98 logprob on 1 token T
(73.18% probability covered in top 5 logits)
|- - - - - =/ 7))/ s/EsmEsmEsmEEEEEEEEEEEEET 1

@ Instruction TunningBftE — Multi-ta

sk Learning

( Sentiment Paraphrase Open domain QA ( Translation )
(7 tasks) (4 tasks) (4 tasks) (4 tasks) (3 tasks) (4 tasks) (8 languages)

(anui(R1-R3))( RTE )||(__coPa || IMDB ) ( MRPC )| | (#Rc teasyichal ) | | (CommonGen ) | | (Paracrawi ENDE )

(c8 ) sNu_ )| |(HellaSwag) || (_ Sent140 )|[(— aap J|[(_Na )||(C_DART )||(Pamcrwienes)

(C_wwNo ) wNo || PieA ) ||(C_sst2 || _paws )||( Tnvieaa )||(CE2ENLG

) (Paraﬁram EN.-FP.)

QNLI (StoryCloze ) ||(___Yelp  )||( sT58 ) (_WEBNLG ) (wm 16 ENICS )
p
Reading comp. Read. comp. w/ Misc.

(5 tasks) commonsense (3 tasks) (7 tasks) (11 tasks)
(2 tasks) (— DPR ) (Cooa Y(TREC )| | (AESLC ) (Mult-News )(_Samsum )
("DROP )(SQuAD)| | (CosmosQA )| | (Winogrande ) (CoLa )| [ (CAG News ) (_Newsroom ) {Wiki Lingua EN') (WMT 16 EN-’F—!LI)
: WIC )(Math )| | (_CNN-DM ) (opnass esate ) (__XSum )

MultiRC (_ReCoRD )| (((__WSC )| |(FxPurcueion i) | ( Gigaword )( opmsbs mowe )

vy
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® INFO-RAG: Fls

*@E’I‘ﬁ%i’%ﬂi_@ﬁﬁ (RAG) BB

Y E e R 551|145
BEsS: (Bl

=t

Ey >

SEREEAIA

Extract One
Sentence

> Prefix Suffix

prefix | Suffix

——» B ‘ —»  Suffix

Prefix

Extract One
Sentence

— > Prefix Suffix

é
» Random mask and
.| replacement

‘ —»  Suffix

Q

Prefix

——

=4

VU‘

2y IE*I]FE'

ACL
2024

JE&

10

A

FEREBANIR

Extract One

Sentence
> Prefix Suffix
Sentence elimination
|
> ' —>  Suffix
€
Prefix

Unsupervised Information Refinement Training of Large Language Models for Retrieval-Augmented Generation. The 62nd Annual Meeting of the Association for Computational Linguistics (ACL'24)
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® INFO-RAG: A%
FrEEREREB SERRIINNASF, KRB RFEMNFREEPR]

{55 HHEY N, Extract One
Information Extraction Sentence
> Prefix = Suffix

External
Knowledge

! .
Training task
N [ eaman :
©

Extract sentence from the
l document and split them

into prefix and suffix

Q

Prefix
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® INFO-RAG: 5%

S EREIAIS AR
TRENH WZLIL_?FEI%I\?E

External
Knowledge

Training task

»
»

2 —EERNIER, FEHK
&, Extract One
2ENteNEe » Prefix = Suffix

~ 8% Random mask
== 1 and replacement

Extract sentence from the
document and split them
into prefix and suffix.

)
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)
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® INFO-RAG: 5%

XEMGRENARZSRREEN LHEX, KMREFEEXEERHAE
S ARBAIRN SRS

|

& Extract One
Sentence : :
(ERRIH » Prefix = Suffix
Information Providing

External
K led ini
nowledge Training task IR Sentence elimination

»
»

TSTEREREDR Extract sentence from the
document and split them a
into prefix and suffix. :
I —— Suffix
Q ’ ‘,
Prefix
QCon InfoQ =EE
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® INFO-RAG: K%

Wikipedia Document Initial Sentence Set S Simulated Retrieved Texts R(s]’)

(s dO00O--O00 (s:O0O00O--O000 Select and Copy
n 2000000 e 20% [=000O-00O0 - Prefix -
o I [ P T s [ 0 R E{ v [ EE -
s DOD-OEm s DOD-Dom p(sf) = po([S; s71)
Intercept k consecutive sentences sy p—— 40% - '
s: 00000 ;%E}EEE% Randomly masking or replac- ;E%EQEE Correct and Complete
SZDDDDDD G : ement on informative tokens g’ : + s’ - D_, H | B3
—O00-000 | s deates .-z :
: s« OO OO ' p(s)) = pe([Ss{ 1)
s« 0O :sk[”:][:] Oom s B2 |
- : o - ontextual Stimulation
Prefix, P, o 000000 ESlc.el?ar103 40% ssIDO--Omm Contextual Stimulat
o S Sz[]t]E]---[]l:Il:I iminate s; s SZEH;]EI--'DDD +$1p[:|E|'" D—’ ssOm- O
Torgel, '@ s DOD-OOo LH80-aa0 p(st) = Pa(lS — s} V)
(a) Data Collection (b) Data Construction (¢) Unsupervised multi-task learning

(a) NEEERISGEIEIE F ERIEREEE prefixdlprefixtBRAY_E FICKRTFMtargetlIFo i AT
(b) % ‘”‘39:”"%3[3’]1‘332&1"] tljij‘}iz_ﬁl% RIES
(o) BE=MISRESHITARESES)E

QCon InfoQ BE=i5E
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® INFO-RAG: 3£i3§

Soft-Filling ODQA Multi-Hop QA LFQA Dialog LM Code Gen

Accuracy Accuracy Accuracy ROUGE F1 ROUGE CodeBLEU Overall
T-REx ZS NQ WebQ Hotpot Musique EIIS  Wow WikiText Python Java
LLaMA-2-7B 55.60 54.08 46.82 43.52 39.40 25.95 15.18  7.85 60.77 2144 2299 35.78

+ INFO-RAG 6591 57.01 45.74 44.68 46.56 30.19 17.18 9.09 6291 26.75 32.06 39.83
LLaMA-2-7B-chat 60.63 55.03 4942 46.72 50.03 42.69 27.81 1021 60.26 22.46 2390 40.83
+ INFO-RAG 65.77 58.32 53.93 49.13 52.01 4445 28.15 1049 63.24 27.25 28.79 43.78
LLaMA-2-13B 60.08 50.77 47.40 44.62 42.12 25.78 1480 7.04 6220 21.52 29.16 36.86
+ INFO-RAG 62.80 55.63 47.82 4542 5148 35.02 1748 720 64.14 29.00 35.50 41.04
LLaMA-2-13B-chat 62.53 56.81 50.36 4547 6123 4706 27.07 11.19 6052 2234 30.96 43.23
+ INFO-RAG 65.39 59.05 54.04 51.07 6191 4793 27.24 11.38 6392 3198 38.12 46.55

INFO-RAGIA—Fp TS B o =N
a] AN ARREIIIFRARE pHE— IR A EHAERE MIES O RIZEAVEE

QCon InfoQ =151
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® INFO-RAG: 3£i3§

T-REx ZS NQ WebQ
has-ans. replace no-ans. has-ans. replace no-ans. has-ans. replace no-ans. has-ans. replace no-ans.
LLaMA-2-7B 67.19 3837 649 6441 12778 244 6554 1691 341 60.64 25.68 7.90

+ INFO-RAG  79.80 41.79 7.04 68.10 13.55 3.26 6443 22.68 4.70 62.70 26.48 8.96

LLaMA-2-7B-chat 73.79 40.56 4.87 66771 14.19 1.63 68.72 2081 450 66.86 28.63 5.62
+ INFO-RAG  80.01 4292 542 69.64 15.02 2.65 7099 23.14 5.62 68.73 29.74 9.12

LLaMA-2-13B 7226 3947 7.776 60.14 1971 4.69 6594 1845 442 62.09 26.63 9.27
+ INFO-RAG  75.80 44.08 8.48 6594 2321 490 6498 27.60 8.02 63.51 28.24 9.88

LLaMA-2-13B-chat 75.96 43.79 5.59 67.03 1658 142 69.37 30.72 6.16 65.07 31.88 5.47
+ INFO-RAG  79.25 48.59 6.67 70.26 25.02 387 7373 3385 839 70.59 3748 11.25

INFO-RAGYTF =S ZRIEERH S &L E AR
XERMEFRIREZE EEREEEEE
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® Tok-RAG: TIMREHEZILIEER 3 ICLR
HRERBE RS AR SMEMERIANMSEE: EXIER. EXTENShS

le-5

stagel stage2 a stage3 1.6 %
T NN A 14 ©
0.8 M . /‘\‘__‘/ e \ o g
e " A = 2
: \‘\/ \ ) o 3
£ | x
£ 04 1y e YASy == A3 0.6 =
2 EYEs B I i
0.2 02 £
/ j 0.0 =
0 5 10 15 20 25 30
Layer
p(xllxl:l—l) Pr (xilxl:i—l)

— #iA 5
A IE 2= 1B 4T oA N ZRE A

> -\_\7 2 7 \E —> 4_ NLy s TT? 2
IR PRAFIREEE wl= ZRAKIF
A Theory for Token-Level Harmonization in Retrieval-Augmented Generation, ICLR 2025
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® Tok-RAG: EZFRIEiSHESR
IR : KiEsSRBENAERTIERIETUAIIS I SIERT

p(iﬂa‘\xm—ﬂZ/P(%liﬁlzi—l;Z)p(Z|$1:~z—1)de
Z

IERERISR, FNI= BE TR feaE B+
BitokenkY5370 END RIS

v §|)\9|‘§|31‘ﬁ%§|1%§§ A
SHESR: FIBREEEEMESITKESIRERAGHIIRHMSIIE

p(ai| R, 21-1) = / p(2i| R, 211, 2)p(2| Ry 2141 d @)
=z

= / p(xi| R, 211, 2)p(2| R, 21:-1) dz + p(23| R, 21:5-1, 27 )p(27 | R, 1:4-1).
Z—{z*}
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® Tok-RAG: i
SNSRI DT ERTRK T RAGHI S SIRK

KL(pr(r)|lp(r|2)) = KL(pr(7)[lp(r|27)) o

W W
benefit detriment
Yrgs e S
5> D(r|z) PSSR
pr(T) WEN ERAMREIREE
A S S A AT
AERKISTE max > P(T|Z7) “irmr st
FBRAIMEREIR RS HzE
QCon

ERREFARKRE

Distribution difference is a
double-edged sword

Benefit V’ Detriment

1[1uu‘1LL |
|| 411k

RLtI‘IL\ ed LLMs’
distribution

distribution

- pCxilxgi-1)

j> - p(xi|x1.5-1, R)

Pr(x;|x1:i-1)

~——
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® Tok-RAG: i#

p(x;i]|%1.1-1) p(x;i|x1.i-1, R) Pr(Xilx1.i-1)
RIS BRI RIS E T IR AT T
R AR SSul ey s R R

\ J \ I
| |

S; = Sim(p(x;[x1.i-1), P(Xi[x1:i-1, R)) > S, = Sim(pr(x;|x1.i-1), P(x;|%1.i—1, R))

KRR RN TR T KB R mIELF /)N
QCon InfoQ =518
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® Tok-RAG: i#

p(x;i]|%1.1-1) p(x;i|x1.i-1, R) Pr(Xilx1.i-1)
RIS BRI RIS E T IR AT T
R AR SSul ey s R R

\ J \ I

| |
S; = Sim(p(x;[x1.i-1), P(Xi[x1:i-1, R)) < S, = Sim(pp(x;|x1.i-1), P(x;|%1.6-1, R))
RETRASHEEUK FURBERREDHAIELBIK
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® Tok-RAG: F&

Wrim:P(Xi1X1.i—1)  Wgrag: P(Xi|X1.i-1, R) WiRr: DR (xi|%1.5-1)

S; = coS(Wrag, WrLm) S, = cos(Wgag, Wir)
. benefit win if cos(Wrag, WrR) > COS(WRAG, WLLM ),
| detriment win  if cos(Wraq, Wrr) < coOS(WRAG, WLLM ),

(b) Our Practical Method: Collaborative generation between pure LLM and RAG at the token-level by comparing benefit and detriment.

LLM e ! Fo-----s--
. Pure LLM: Query—» o) l - > - - . - -+ 1986 —T1> -
Query: Who was the first | = & - | e e L e
. : - Benefit Win
Nigerian to win the Nobel EE' A :
e ) . : E Detriment Win
Prize, in which year? RAG: : Fommm- .
Soyinka — was — the --- Nobel Prize - in —»| [ SO

________

QCon InfoQ 1&=i51E

ERREFARKRE



® Tok-RAG: 3£3§

Train  Add TriviaQA WebQ Squad

Methods LLM Module Ratio of Hard Negative Passages  Ratio of Hard Negative Passages  Ratio of Hard Negative Passages

100% 80% 60% 40% 20% 0% 100% 80% 60% 40% 20% 0% 100% 80% 60% 40% 20% 0%

Standard RAG nov nov 438 67.0 71.3 76.2 782 81.9 23.9 35.8 40.6 43.4 484 53.1 8.6 31.0 43.2 53.0 58.8 67.2
NLI+RAG nov" need X 50.8 612 68.2 73.0 76.4 79.1 30.7 40.3 445 475 509 528 9.9 21.1 33.7 43.4 51.7 60.5
CRAG nov" need X 482 683 725 76.7 81.5 82.2 256 37.4 419 46.2 515 549 7.4 287 39.6 50.7 53.2 61.1
RetRobust need X nov 492 673 729 77.5 794 823 30.0 38.9 425 482 49.8 54.3 10.5 30.8 43.3 52.5 58.4 66.0
Self-RAG need X nov" 43.0 687 73,5 76.4 80.8 82.2 18.3 348 422 472 513 57.0 5.5 27.8 38.9 464 52.5 583
INFO-RAG need X nov/ 497 684 732 779 80.0 82.5 29.7 38.0 439 48.1 494 548 10.7 30.1 43.5 53.7 59.2 67.5
X-RAG (Ours) nov¥ nov' 535 729 77.6 81.3 83.4 85.7 32.9 43.8 47.3 50.0 52.9 57.3 12.8 31.3 445 54.1 60.8 68.1

ESCFRAYF U I B ES A RIS/ F, X-RAGAEE (G EEIMIERE)|ZRLLM,
(FREE B ERIVEERAGIEZE R 5%, WRetRobust, INFO-RAG, Self-RAGEE
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® Tok-RAG: 33§
LLMs Methods # Generation Wikitext ASQA Bio NQ
Times AUC Fl AUC Fl AUC Fl AUC Fl

Logprobs 2 65.25 6433 6896 6755 6524 6459 5531 5141
Uncertainty 2 64.12 63.50 66.14 6396 65.78 64.60 56.03 52.15

OPT-6.7B Consistency-Lexical 10 64.01 62.17 6942 67.04 6541 6528 55.06 51.13
Consistency-Semantic 10 6593 6422 70.11 6950 6576 6437 56.24 52.88
X-RAG (Ours) 2 68.64" 66.887 72.28" 72.05"7 66.27" 66.04T 57.927 52.90*
Logprobs 2 73.52 7290 68.05 6686 6522 6439 57.04 57.23
Uncertainty 2 73.72 7271 6747 65.63 65.59 6583 57.19 57.10

Mistral-7B Consistency-Lexical 10 72.15 7044 69.16 6733 64.79 64.33 56.95 5437
Consistency-Semantic 10 7398 7226 70.05 6954 65.68 65.12 5743 56.12
X-RAG (Ours) 2 75.85" 74117 71.517 71.47" 66.37" 66.04" 58.52" 57.56"
Logprobs 2 73.47 7295 68.50 68.04 62.11 6094 6740 69.24
Uncertainty 2 73.98 73.01 68.72 67.63 63.67 6350 68.03 69.15

LLaMA-2-7B Consistency-Lexical 10 73.51 71.62 70.09 6845 6249 6198 68.17 70.09
Consistency-Semantic 10 7496 7423 7123 6938 63.77 62.10 69.72 71.14
X-RAG (Ours) 2 81.89" 80.42" 76.96" 76.80" 64.08" 64.19" 70.50" 72.45"

EFrtokendR BIRYIEREME/STE, X-RAGHEH T BRI RAIET ISR,
AMRERLR B—EBERN I wiailigix,

QCon
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J2ZE|E X XiFSHEE

j(ll: = *Eﬂig

AtsBy

[G] Certainly! ChatGPT is an advan age model created by ¢
designed to understand and ge sman-like text based on
N receives. It has been trained on 'mous amount of text dat
N
[\ A

ety

=

M

@ SPIER

@ MIFHER

Search-in-the-chain: Interactively enhancing large language models with search for knowledge-intensive tasks, WWW 2024
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SHIFRRIRXKESHEERSI ERENKEERE

(a) Explicit Reasoning Model </think>
85 AutoRegEmbed ——— LLM2Vec i | i-ﬁ o-1 0
- g e e = | 101 8
(Ours) - * --® NV-Embed @ @ & o 25 i i Biiropy i > g
g L X e SFR- gie-Qwen2- < 2011 | R B ST )
<! 7 - [TaMAZM Embedding-2 R 7R instruct I i i .3 2 =2
g lkl_LaMAz-M Multi-Task Contrastive Learning J,F 15 I B | i Explici | ., ‘g 105 =
[SOTA Maodels] & 101 Explicit Reasoning —————«+ »° 5 =
S0k 1.z e ) i 1 Answer | =
o) I‘LLEMAZ-M osed Sourck Data) = 1 ] f 10-7 @
nr'_’. Single-Task ! 4 ; g
8 ! Contrastive Learning 1] . 1079
— o I {Open Source Dafa ) o

& I (b) Latent Reasoning Model dthm]p e\ppm‘mnatc One Hot D1qrr1but10n
[ . —
72} [l 1012
75 g
i Contrastive Learning Pareto Front - @
Ba'e Models ‘_% 107 o
mm;. Free) o :0_’
Mlsrral—L = == AutoRegEmbed Pareto Front x 10 >
LLaMA2 o =
= 2 1078
5x104  2.7x10° Y% 5x10° 108 ~\/ 10° 3
10 E

Training Data Size

Generation Step Approximate One Hot Distribution

MRIE SHRE B Z i & M 2R BT ferUHEERRE L B

Following the autoregressive nature of Ilm embeddings via compression and alignment, Latent Reasoning in LLMs as a Vocabulary-Space Superposition, Arxiv 2025
EMNLP 2025
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