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IRCoT+HippoRAG DeepSeek-V2 51.0 63.7 48.0 57.1 26.2 36.5
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| KAG w/ LFSH,.s, | | DeepSeck-V2 | 62.5 76.2 67.8 76.2 36.7 48.7

Table 8: The end-to-end generation performance of different RAG models on three multi-hop Q&A
datasets. The values in bold and underline are the best and second best indicators respectively.
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AR =1:D hRZLEEEED
BEBAZSHEENRNTILENRIENRE, BUEAERTHTEXEENBRME, A ISR
B EETEEERRE. MARSNNEEE, ESEENEERE
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o BAMENEENLIANEERE T EXNTEE _
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MedRAGEES BIFES XA S IFIER, MRISIEBETRILE

C) REMRS oW
DeepResearcherfTH ZHRIEBINS, SEMBESUERLEIEER
5 ExpIEER
RARESEHI7E:5 BT BAHABIEhAN I AR X E A AT

) —— Retrieval-Augmented Reasoning
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Bz OME

* S|SB RBENE
o HSEAINEPAIR

o BESRBEISRNA

HIiRAG: D ERFEE R BHH

DfEes: BETCoTIRBRIBAZE (fl: BEEoTENFioR )
ENER: FINERTSME, EHRELL (§: KEFERA
EEM)

]f@\a% WIFEROEE + REBBEH, ShSERIQERRE

l

President of the United hhtﬂ | ‘ Vice President of the United ﬂmm = President-elect of the United Hlatesl—-
.| - = |
L}
: Joe Biden s the 46th and current president of P
the Hiited Sues | urrently, in  addition (1] the ! ' The 1 I R P
____________________ 'incumbent, Donald Trump, there are liJur: ¥ by . Lo :
: ;r : :I'wirg former presidents. ‘ s e ol whn
v There ‘are currently thireen presidentis! R e e L s
1 ylibrares in the NARA system.
....................... 8 Indexd WikiCorpus
.
Retrival Wha is the current

president of United States
Retrieved knowledge

1ty 1y Answer
. " _®7.—“—. ——Joe Biden

Hierarchical Retrieval-Augmented Generation Model with Rethink for Multi-hop Question Answering.2024

HEINE

* RS x(a)A

D RERIBMIR B BR
WSS | SIMBANRERE

o H38| | MIEIE K E N YMEBEIIREE S

MetaRAG: JTIAZNIR B B9 2 Bt B

BOEBETTIARN IR A AR TR PromptiZ 45 5%
BEOEIETR (QARS vs W h-HEFI &S )
ST EMER ("To answer this, I need to search..." )

Cognition Space Metacognition Space

Y s

! Monitoring @ Evaluating

A —
| 7 ‘|__ o . Activate
| | Evaluating

Expert Model

— Cognition Answer

— Metacognition [ /
r}

External knowledge

. 3 j Reasgpfi

rch results |
[l}

2 uuin |
‘l3}

e knowledge

# Incomplete reason mg
# Answer redundan
‘ # Ambipuity cun‘te::t

Please try to provide an This aﬂswermlght have
answer by considering Suggestion made an error in

. muhlnln stup reasoning Ir‘(.omulet reasonlng

'\! Act as a Question
! Answering System 'I
\

' .
i Act as an Evaluator |
' & Critic System

¢ @ Planning .

Retrieve
%
E
-8

.
External

LSS +— Check reasoning <—
Procedural knowledge

E
1
a +—Discard references +— J x
B i e R b M
\ @0 «—Generate New Query «— x x
M Ed

Metacognitive Retrieval-Augmented Large Language Models WWWwW 2024
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Input: Write an essay of your best summer vacation Input: How did US states get their names?

Output: My best summer vacation was a magical escape Output: 1 of 50 states names come from persons. For instance, Louisiana was named in honor
to the coastal town of Santorini. The azure waters, of King Louis XIV of France and Georgia was named after King George II.
charming white-washed building are unforgettable.

ﬁﬁﬁiﬂlﬂﬁg % Critic: LM Q q Retriever

Augmen utput: | Retrieve p>0f the fifty states, eleven are named after an individual person</p>,
Augmented Output: My best summer gmentsd Outp {_ |o !
vacation was a magical escape to the coastal town of devant | 11 of 50 states’ names come from person. | Supported ® e p>LOUISIANA: Named in

® ‘:&ijh*_i? 'ﬁ =7 %;‘EEEBD"_‘\ jﬁ Santorini. The azure waters, charmjn white- hm..u fLoula XTIV of Pranoe, </p>. For instance, Louisiana was named after King Louis XIV, and
washed building are unforgettable experience. | Uliks Georgia was named after King George I1. | Partially
o MRSMBTRYEHRE

» "é"'fﬂﬁﬁ}%ﬁﬁ'-ﬂﬁ%ﬁ e Search results: D, *E tb?1§%ﬁ%ﬂgm%

Retriever

[1]: Search results: ‘D

o SCHUAMIOUES LRI L R b
2k (} B39 Token 551 R 3L B 5B

2]z

5

Self-RAG 2 x Generate a summary about Joe Biden. - -

A Retrieve’ . 'ISREL'HHEEIZIRBAIIE | v SE iSRRI

: mENAIED 1 Joe Biden attende
A | FE OIS REE R, ETER

> q2 [Search(Joe Biden University)]
¥z the University of Pennsylvania, where he earned

SmartRAG E MR R

| - REIEIR O] 7R
(B [RETRIEVEI4HEE IR RIE 9= [earchiioe Bden degreels— 12 ST ETNEAD . IRETIRER

Y3 alaw degree.

Open-RAG N BIFR

ZetnciEf s EF5REa(Mo
SR SIS E RN I ET 24 BB TIR AR, BER S B RBER . REFEAT
RIEHAES, SRS IRIB TS N R T RS,
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SmartRAG: Zf B KM

ReSearch: Z5834L 70N HETR HE

BE—T LMER ML TN Token [RETRIEVE] / [ANSWER]:

RER: BTokenFlll REREHRR;
BHES: EFERER, BFETokenEMMHEHNERES;
BREN: ERENTELER,

[Answer] John Adams

[Question] Who was the first president Reward

who lived in the white house?
[Observation] None / [Searched Text]

a?p .
> g..o = Action

Policy 7T | [Search] First president
State g lived in the white house
' Reward
update
[Searched] John Adams became the first ey "
president to move into the White House ... g T -
Observation Database

Algorithm 1 SmartRAG Pipeline

Require: Policy Network g, Retriever R
1: Input: input question x, retrieve quota )V, observationos « [ ], retrieve countn < 0
2: whilen < N do
3: if n = N then,
4 a~ 7y ([x,08]) st

ag = [ANSWER]

5 else

6 a ~ 7y ([x,08])

T n+—n+1

8: if ap = [RETRIEVE] then,

9: 0+ R(a;.), os< [os,0]
10: else
11: return aq.

SmartRAG: Jointly Learn RAG-Related Tasks From the Environment Feedback. 2025.

1R TokenZ5 1L HETRSE :
X H<search>/</search>tRiCIE R MIE, <result>/</result>BI R
RER, <think></think>3| SXARHEE, \boxed {FFARAER,
RS SRR EE

KL | W

=t
=

hn T1 Ay
LLM Policy 1 Y2 T = Ay
5 — R — | comrn
e Sl | |
YG L] Ag
Rollout Reward Advartage

[<results Citibank was founded |

Taput Question lin1812asthe ... ... </result> _;‘_'
3 1 ®

Who was president of the I:l
United States in the year ‘.J

<think> To answer this question ... </think>
<search= When was Citibank ... </search>
<results Citibank was founded ... «</results
<think= Now, | need to find out ... </think>
<search> Who was the ... =</search>

o)

that Gitibank was founded?  LLM Policy Search <result> President ... </result>
® <answer: The president of the United States in
T IS —— the year that Citibank was founded was
| i \boxed{James Madison} ] </answer
@ Generate till search or ecs lqisstion, | il ... ... Fwifdait \ o N 2t
| . |by searching for the founding
(@) Retrieve search result |year of Citibank. </thinks (}
@ <search> when was Citbank [

® Concat then continue Output Rollout

\founded </search>

ReSearch: Learning to Reason with Search for LLMs via Reinforcement Learning , 2025.
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TRER

EFSearchi 5 & B SR ERISIBRACS HIZHES, BERETSMATE
ROTFIEE, FABERER.

v M SIE X LR B S IR A E [ 3

v XFSHOR, B REEHRI R SE R

v EREENERAREES KRR

RREESR

DeepRAG: FREDHEN, BURARXANFHLIRDTAAALRKR
OmniThink: ZRERBEHNZS SR, IS A0S MRS KE
CoRAG: WMETVERSHRIELR, LNERERRNSES
Search-01: A RIBFATMIERAY, SOASRMEIREND

Q

() BRETHN

l

= BESIT & THHR

l

] SSIEERREE

l

HENER & IHERES

l
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» EFRERNTE

S ZRREK: BRAGEE NG /RAIXRKIE (MDP) |, &
IR SER ISR ES BT RIMNPEIHR SR EIEE AEPEIIR o

BEEY: ILEREF

MCTS-KBQA: iR E#E R

MCTSEKBQAZ S : EBIMCTSHIERE . ¥ E. TMh. EHlilx
OMEEL R, WHEASRZTEHTEYIRE, IBFHEEBYER,

Question: What is the total runtime of all movies in The Lord of the Rings?

SRINMER R AR
(a0 ) BEZE
B EAFEBRY

BHETE (Chain of
Calibration) : @I R
WEURINILIEFIRER,
AR BB HMIR
BFRBBARD -

a& Human Thinking

| know The Lord of the Rings trilogy
consists of three films: The
Fellowship of the Ring, The Two
Towers, and The Return of the King.

However, | am unsure of their exact
runtimes,

To find out, T first need to determine
the runtime of each film individually.

searching...
ion, T

After retrieving this information,
can compute the total runtime as:
178 + 179 + 201 = 558 minutes.

Step 1
‘What are the titles of the movies in
The Lord of the Rings?

The Fellowship of the Ring, The Two %
Towers, The Return of the King
Step 2,3,4 L

What is the runtime of | he
Fellowship of the Ring?

| | 78 minutes
Step 5 +

What is the total runtime of the

The Lord of the Rings?

178 + 179 + 201 = 558 minutes %

+

Final answer: 558 minuies .
Atomie

Retrieval narrative decisions
Retrieved | Parametric Subquery 77T Trajectory with least retrieval o= Optimization Preference pairs
5
Binary Tree Search Stage I: Imitation Learning
Question ‘,...._.._...._.._.._......._...._.._.‘l,,},: —1
_______ $-~ Question —= —is— — T Ang/
| R | RALM
LI I v
<=+ — ] e —

g e e g g

Parametric
Knowledge
= Retrieved
= e
— Documents

Subguery Komfeﬁoe |||||| diote
roe

+

&" <

D
,,,,, f---”wunf---
- I
Question —> r—

wwwwww

o
— &
Calibrated
RALM

DeepRAG: Thinking to Retrieval Step by Step for Large Language Models, 2025.

DERMAE: KIFEKBQAES KR, RITMNRRNA, FEH
[EPRESZE B IR A TR R T A o

REHEEREHIE: EACEEERA, AUBRIEE - SPARQL

FRENTHEEEDRZ, BWHERR

step 1. Selection

S

28 State

step 2. Expansion

\ update
/2

step 5. Termination
Prompt

Q.

Action: ...

) Action: ...

'In —» | Observation: ...

Observation: ...

Task description
Guidelines
Format requirements

Exemplars

= MEBRMERERTT .

step 4. Backpropagation

O Current Node

. Terminal Node (w/ Result 1)
O Terminal Node (w/ Result 2)
v Predicted Result
é?\ Open-source Instruction LLM
t{?@ Fine-tuned LLM

@ Database Environment

MCTS-KBQA: Monte Carlo Tree Search for Knowledge Base Question Answering, 2025.
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Graph Reasoning RRMAER

Multi-Hop Reasoning on Gra.ph
HippoRAG2

\/ R FF AR EEHER Tt PageRank 5 R - 5%, BEEXICIC. EICERNZ
BEIEIRRE S

Think-on-Graph (ToG)&5%

SEMAEENXEEARNE, FAXAKRN. SHBEN L TXRDNERE, BERAXA
HMBES

x Agentic Reasoning
BB NEREN, BTIMER. XARRAIARRE, ISR IREMNATRER

Wy =2 Kb
Bt
. BERE: FFEMINELSG S HEE i
. ERME: WERDSHIREESEE AITRE BRBEBEER S SRS

TRERSERE: MRIREERKEXA

LEEAES: NETHEISBTIRE SRR RIRHHES) XRREXHH
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ZiEE

ETIMNIRBB[NSERRAGRAS TRRMA: (MBF KM@=, MHEES|IE, 758
BAERE) HES, EEREREEREN,

v BREEIRES AR, RERATTEM
v BRESRGIBISTETURE, FERLI5N R
v ZFPIRRRILHE, RMUAMAOEERRE

HAIRN AR

HERERE: SENSHFSIRLEEREFHESTIILN
RO BeRUTRERE SRS SR T
AEENE: ERANEERFGHTARBTS RAD0h

ShERsREER TIFRTZ Gl
ARMIESSEIT A T IR S IMBR IR

RS - RS RAERLE
HEFRBXAR - W RRaE
Fer o sREEER I AR
ShERRER - FRENEER
ERBESHE

L T R S R

Planning with External Solvers

Node 1

~N

Node 2 f Node 3

RRELIMEHE

ARM: BERNSHEBOKRMREEE, BMIBRACRALMEMFHIZNEES . JUBRAEA. W
Mo RLAER.

MNS| SRR WFinSearchTEERMMF, HFHRFMUSHWRAREM, HIFERFH
THRRESHMEITENXRET.




» JMEBKAESS —— ARM:
R =S50

—XERFEREVERER

e EXRNFLIZEEFTERBSMERIFENE

=

o MBRAGHETFIEE:

o HVERAGHRYBIEAS AN T R LR SRAB R
o EEREMARAGHZRME, BEZIRLLMIFA

o FHEXEME: WASHEZEMNRMELERSR

=L

ARME e8I B 4Fith 3 Sl S SRR ESA, MWE—H

BE— RN R

ARMZINEG &

{ERXF

DRRFRGEAXEE, H58E
EPEE N RMN-gramift 7L
T A REFES | 2L MEFT R X585

CHERS: NSRS Wahr

EHI3I5F

(ERHIRRAR IR R 2 8]
R BYABIMPILER BTN

BRIESRS
LLMEEIEAG 22 35 S 0 14 B % 4,
EERRERMBEE

WiTbeam searchtHZ 1T TEHE

=

Can we Retrieve Everything All at Once? ARM: An Alignment-Oriented LLM-based Retrieval Method. 2025

ARMEY#ZIO B 38

BTN BIERESHNIER, RRBEERIRZBENX
&, INEBREHEIDLLMIERRE,

Alignment-Oriented LLM-based Approach gy
(ARM) representations for |

tables & texts |

LLM outputs reasoning processes in a beam-search fashion: .
e — »  constrained

w“ T =t " decoding
The relevant keywords are|hfghest eligible free rar§. ..., populous, basad oh'the

» iifonmation The re-‘eu:ant N-grams ureif Percent, Eligible Free, ], et callaction
(population), ...

list of N-grams as query to lookup ---# @@ ----------+

Alignnent Here are the objects that can be relevant: ® < J
Passage name: California Counties..., Content: ... ® s
Table name: List of School Districts ..., Content: ... ® <--- | Reasoning
b structure 9Pl name: School and District Data, Content: ... © ‘s @ -7 solver
Table name: Free or Reduced ..., Content: ... (@)

Here are the potential connections between these objects:
Table List of School Districts ... includes column county which connects with ...

Here | summarize the relevant information to answer the user question
<passage> California Counties ... </passage> lists the county populations in California,

Self-Verification
: which covers keyword “populous”, <table> List of School Districts ... </table> extends

on this by providing counties in California, which covers keywords ... ”

Using a beam-style search across ® ® Top-K objects
. the two alignment stages, Vote count 001 005 with the
Aggregation  ntiple self-verification outputs SCone: ' 7 s -==% highest
are generated. We combine these Vote weight 002 003 weighted
outputs using weighted voting. (logits) ' ' votes

Text | @ ~ Databases
(@) [@]x(o)~[o]

Gold Reasoning Process







» ETFRRAIENM

EEEm
| OWEREESR

B Promptiit{ift WE i-i-io
Prompt-Based _

[ TR ]

ESEmtiit

BIBOLRITHERESRR, BEMBEXSIBRAFERNTR, 5ISLLMELR
UEFRBREISENBELSM ., Co-STORMAIWriteHereERARERABHE. MELS
MFRERERSKRIES S TIHE, BRBIEMN. MRANER, MEMEIE, BETEMI=R
TR SRR R AR,

EROIFERA

BEMECEHTRVLRKRESERUTES. REOEERSIBREEGR. BHRT
e HERN, URBTREMIERRBEMKHE, FinSearchfllActiveRAGH RSt BT
RTABAREMR, EEMMEHAN, BReS—HENSEERMY, 15507 S M
REE.

KRB ESSEMEAR

Co-STORM: ZABIMERZA, ERBERTSHRGS
WriteHere: {EBE&MMIRRIES XL RS
FinSearch: £M{MHEARL, BENENNSEE
ActiveRAG: "B #ific]>AIRIRIK—BRFE "1
PlanRAG: E£HAIRITZHITH, BEHARREE
Agentic Reasoning: /L T XBUERRM R RIEA

REENME

ETPromptlAEARWMSRRIFE . 19¥MNIC (M<Search>, [Web-search]) {#1&
RIgE BT Hh e E R AR T HEa 8 &E W\, Agentic ReasoningfIPlanRAGEHE
£/ £ TSR R IIRBEA DS IHERIRER, ESESPRIGERTENER
%, FER. FEHNERPRTERRAGHE.

RESERLR

EFPromptiI{ii{t 2 1858RAG+ReasoninglIE M. RIFFTESZE, EIEEARIRIT
EEMAMALLMIBIBERERS, HEARKERFBINZCEINERHEZNE

fit. WITIEXEN. ISRIBNFSURAZBMAREMERTRTERESH, %ER
BUBEEISOBANIBEMRZENRZTE, BENBRER ., BEERMFIND

SIREPSPaRe S5 27T
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M LLMSH{LT .
Tuning-Based

| MRRRESG

MRBENL

CoRAGHIDeepRAGH 1 iAEE £ 2 RMBHM 2 EFFIWEBIRTIRS F HIRER,
CoRAGREFZQAIESEYT BAMER-HIEH, HEAIIGFEBRER, REZFRINH
RAHATHFES, BRI S ROFEN D REES .

LSRR IEE

BETF IR ERAR SRS S O BIRERN A REET] . O1-Embedderfi
FE#% B @R AN KX A RREES, KBQA-OURBANREEHEBIRIE, Bidss
MR FESNHERE RN,

XBRRAE

CoRAG: ¥"RESQAMIESEINE-HEE, KSIIGHSTFES
DeepRAG: inZlinmZ SIIEIELRE, BISSHFHBANMKNRRERER
O1-Embedder: RE{{#BEEMBEARA KX ARREED
KBQA-0O1: GEAliRENEMEIRIE, MAERE BN
RetrievalPRM: {ERSMEBRIFRA, BEEIISREA

S FMaRERIR R 1| 2k

MERERRXELLMES SMNPER (AH0R2E. HIFER) WhREIZ%, TMREAERMK
1. UARXTEHEEIRFI A s AEIREX S 114k, REAPERSIAZMERINGAZE, BRIESA0
IRBERETSZHMEE, RetrievalPRMEBSHUBERMBRA, ERIESMHENRENEE
PRI RS

KB5S M AMME

ET BN ARG RIEEBERNFACILLMSE S, SMERBIMCR-EER
B, XEREESZSHOZNMABEREETSHRRIMNE, EEFHRAGHEREA10-25%

AR, ERTET IS, BROMFT LI, EBMEEEETREPOEIREENX

(8
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[ B ] [ HESHLE ]
ORM PRM
TREEREN .- s ESE
RLERED L3
A EE SR
BB XS T ER
PPO/GRPO DPO - McTs
RBHE - REFMRA LS ES
HRFERRIRE(ORM)

ORMSER ZiETRARHENRERHMTENSTSIEE. PIR1-Searcherfl, &7
KAMMExReinforce++illl4%, % EBREBUA T IEMRMEREBIMSIKITICER, 5%
“HEBRERMAEROFOH . XEMERFRRE, RANAIREM, BPLORE, H

EEZ HQATRERY. B, KBQA-OUEAMCTSHIREEMAE L ZE XL, &

BEEAMIAEQARMRENAIA,

A2 FERMEE(PRM)

PRMERIEXT T EHES BAIE AT . LeReTEA M RISMMAIPOIEZ, BRI
REXHNOTIIREAPRAAENRE, RANEBEIRNSHESERMLEE.
ReARTeRY BT X—AA, (ASR_TRMERE, SFERISFHTLNREZES(TD)
HEEHEHRIERE, BOBEWRATREE, HiESHotpotQAFEENIXA R
=

KEHZES M

GRPO: #MiFTIRHRIRELMIPPOR(R, MASEIRITEL, KIEMIDIIZER
ReZero: {EFAGRPOSIN"EIW"HA, BIRMEBWVERTWREBMLLMEVIRIERK
W E4REE

PORAG: BEUNEXRmMIG(RRELEMMNAE)ERMCEREE, ETUEXYE
MAERES M

MCTS: BAFRIEHEREA, MKBOA-OERIKIENES RMIERAE

IPO: BREEMMA, LeReTRETMAETNRENHETE

Bk EhiRE RLZEH SERIRE RhEE
PORAG Qwen2.5/Llama3.2 GRPO QLoRA ORM
ReZero Llama3.2-3B GRPO 24 ORM+PRM

R1-Searcher Qwen2.5/Llama3.1 Reinforce++ 22 ORM
KBQA-O1 Llama3 &3] MCTS DoRA ORM+PRM
pea=g Al

IEHIRR R T B SORMAPRMAE ., DeepRAGRE AR A B AN EMMEHEIR(R = -
Clo) x T(st)), HARC(o)RRERIEMRYE, T(sHRTEBKMERA, BIPPORKEMN
I MAEEBITH., RAG-GymEB=BWE(GEo M. SLAM. TRM)WESERR
PR, EXISFTAIDPOHAR, ESER4NEHRENS TR, CR-Plannerfll BiFiEREITH
(S RERENEERTIN), SEEAHRRK, TMERNFHENSUBRAS RN
SR HRE .
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FERRMREEN

ETHRAREDIRE (ORM)
SETRABHRBAT A0

o BEERFIDE. HERRSFEMMEREER
o f5lg0: R1-SearcherfEMF17 & +BETIER 3R
e iR 5IFAMERRMREE

ETdZRRFEE (PRM)
£5ThEES B mAE

o THMEFMEESRIEEN TN
o flAN: LeReT{ERM AR FIIEE (AP)EZR R
o iR BUEFEBMAE MRS

BEXEE (ORM+PRM)
AR E LR

o [EIRIAMA R E LA ETE
o f5l40: DeepRAGISE R R4S REAN HEHf 1422 RN
o iR FEH2R/BERNBEERMA

HERLE AN

GRPO (#1831 RME 1)
MFrcriticiER, MWAESEITES, KEHDIIGER
]I E: PORAG, ReZero, ReSearch

MCTS (S5 EERiEHR)
BT IR IEIRSIHE YEIfTEINME
£ I {E: KBQA-O1, MCTS-KBQA, CR-Planner

PPO (GhimEREE{A{L)
BT LR R EF KA I ERA
£ &R I #E: SmartRAG, DeepRetrieval

DPO (Hi&fRiFL1t)
BE M L S B MR T SRR A RS
R I {E: DeepNote, RAG-Gym

Reinforce++ & IPO
ET RREENBOHEE
£ &I E: R1-Searcher, LeReT
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PORAG X & 2R h#/lH!

=, R = aRfid + BRqual

o Rfid: 0FBELE - HERFEABTHEXM
e Rqual: IR - WHERABTER

o af: FERTREAHNINE

DeepRAG Rl A</ EN3EFh
s R = -C(0) x T(st)
o C(0): ZRIEWHM TS

o T(st): BHZEMAE
o EENERRMS MERONE

RAG-Gym =EifE &
S=MEERRE:

o oM MRMRESEBEZE )
o SCAME: REABTWEREMNTTRR
o TRY: BREERENESEER

R1-Searcher FFfER2ERH

B BRI RIS Eh R EX -

o BB HERB+HBANEE

o EMER: F1oB+EES

o (EHBRALRE|AMMAIRESHRE

Table 1. Comparison of RL-based RAG with Reasoning Methods

Method Base Model RL Parameter Supervision Reward Function Policy Strategy
?ﬁtﬁ:’v:lrd;deh (Rit) » Group-based advantage normalization
PORAG (73] Qwen2.5/L1ama3.2 GRPO QLoRA  ORM ' ﬂ."’ ha - PPO-style clipped objective
2. Response quality (Rg.1) LKL Jerisation
Combined: R = aRag + Ry
" Format compliance penalty (-1)  « Reference policy constraints
DeepResearcher [106] Qwen2.5-7B GRPO Full ORM S Rasee Y e « KL divergence penalty
Hybrid rewards: « GRPO with clip ratio 0.2
ReSearch [6] Qwen25-7B GRPO Full ORM « Answer Fl (vs ground truth) - Group advantage normalization (G=5)
« Format compliance check « fi = 0.001 KL penalty
» Answer correctness
: ::ﬁ;‘;ﬁzzﬁ;ﬂu « Intra-group reward comparison
ReZero [16] Llama3.2-3B GRPO Full ORM+PRM 3 « Noise-injected robustness training
+ Chunk matching A
;i « KL constraints
* Retry behavior
« Strategy compliance
Shared F1 reward + penalties:
3 - « Excessive sub-questions = MAPPO actor-critic updates
MHOMEAG (Y] e MAERO. bl O « Document 1D errors « Cosine learning rate scheduling
« Answer verbosity
b Llama3 Implicit preference modeling  « Direct Preference Optimization
Note [84] Qwen2X i BEd Full ORM via likelihood contrast « Preference gap maximization
Two-stage rewards: %
RiScarcher [72]  Qwenz5/Llamas.1 Reinforcer+  Full ORM L Retricval count + format Ky oot
2. F1 score + format penalty
Composite reward: A sxoen g
KBOA-OL [58] Llama3/Qwen25/Gemmaz  MCTS DoRA ORM+PRM - Stepwise policy model score '\;:-C? “;‘:i“"-" ""':“mm
« Final reward model score value propagation
Task metrics: oo
DeepRetrieval [42]  Qwen25-38 PPO Full ORM  Recall@k/NDCG gfm _“’d‘l“d;‘;“h‘_’d?ml 1xm
+ Syntax validity Nntribated Hytwidtlow
LeReT [34] 1 %B/Ge OB PO Full PRM Averal‘;e Precision (AP) « Identity Pl_ﬂ]ic‘}l’ l‘_:lpﬁm.i:zaﬁnn
of retrieved documents « Context distillation
Action-specific: o -
SmartRAG [20] Flan-T5-L/Llama2-75 PPO FullLoRA  ORM - EM+F1 for answers i
» Cost penalty for retrievals pdat
Monte Carlo step scoring - lterative preference optimization
ReARTER [75] LLaMA3 1-8B MCTS LoRA ORM+PRM + TD look-ahead + KTO loss
Cost-aware accuracy:
= - . R=-Clo) % T(s;) « Imitation 4 contrastive learning
DeepRAG [24] Qwen2.5-7B/Llama3.1-88  Hybrid Full ORM+PRM Clo): A i i Predthe « PPO-like calibration
T(s¢): Total retrieval cost
Triple criteria:
’ « Sufficiency « S5FT + DPO
RAG-Gym [95] LLaMA3.1-8B Hybrid LoRA PRM - Utility - PRM-guided selection
« Redundancy
Critic-estimated rewards: > A
CR-Planner [52) Skywork-Llama3.1-8B MCTS LoRA PRM .+ Stepwise correctness o+ MCES tinsilitiin

« Global impact

» Pairwisc ranking loss

'ORM: Outcome-based Reward Model; PRM: Process-based Reward Model. *Full: Full parameter tuning,



» ZEREZR (ORM)

DeepRetrieval: E XL RET MMOA-RAG: Z&E8EMTME

- EEKMRE: BRAGRZIIER (BEHESe. GiFss. £le) 818
. REMERLR: HERHIEEE ISR N E RMSIRLIGE, BEYMERAKEZLER,
(037t & EYRecall@3K, SQLEIHITERE) ; « {EFMulti-Agent PPO (MAPPO)BX &4, £ B CriticiEEY

C REAIER: AREREENS BFRERAN HERSMERGIT -
T RN . SRRSER: ETRASSRENFIAN, HENFE
157 (ynﬁlj\ﬁﬁﬁ\ SQL'IE7 ) o %E*lj_‘o
©REIRREN: BHREEIASHMMLEY . Eppean: SnE5S: RETFERNE (BRER
WIEELZE (<think>) , B BERAEE ) o EFEEE: AXRNEDEBAEERE (B2 /E
BB E S EMND) . s HEKEE (BKEKROSD) o

v Trainable * Freezed Fi Score Individual Penalty t::_, Reward of Each Agent @ Adder
'S m ™ Workflow
Input Reasoning - Final Reward Sub-questions: subq
; i - el documents set. D Getselected set. Dyptucted

Please augment the following <think> T sEormat Reward: @ 7 . v i & et documens s g ' e F i
user query to retrieve the Let's augment this query. {Retrieval Rewa}:j}o © prustizr il Ao @ by ) <3 v e -y
most relevant documents: 4 Question —= X_‘;’ B Sub-question 2 | ——= X —_— :. 5:!..\_‘_? — Xj —a-i,p: 3—J-d| - A X) ——=  Answer

</think> 1 9 Sub-question 3 = ity o - 2 “eo

{User's Query} \ J
1 I Query Rewriter Retriever Selector Generator
= . Retrieval Retrieval Reward A A A
utput i
P i (Search) Computation Optimization | __|__ e V ey

<answer> C Bge ) Pgg (. Rs p| Py L Rz ) Pg

Here’s the query: — | |Q —_ | Retrieved Context [ L vl R — S—— ==

{Augmented Query} == P D— P~

</answer> E | True Context [

\ / [—]
Golden answer: ANSyaiden
DeepRetrieval: Hacking Real Search Engines and Retrievers with Large Language Models via Improving Retrieval-Augmented Generation through Multi-Agent Reinforcement Learning.2025

Reinforcement Learning.2025



SEERE (PRM)

- pHEEXMRIT: B —IRRFIAERRME
S (MeRERNFIIBEAP) , BANEKHRRRE
*EI‘J?F?T? BRm, BESISSHhERNML,

. BEMUCIRES : B2 MES IR AR BB,
121Z€$ﬁé|ﬁu$ RRRIMHETINEG, BRREKBRBERE

Multi-Hop Retrieval

For given question +

— | Query 0 |——> -~ Context 0 — | Reward 0
/ context:

Reward i > Reward |

Question ?

Context a

Sample next hop context
proportionally to reward

veshol 1— —— O = —— Comtext 1 — | Reward 1

—

— > | Quey R > ~— | ContextP —>| Reward P Queyi > Queryj

Grounding by Trying: LLMs with Reinforcement Learning-Enhanced Retrieval.2024

RAG-Gym: ZMERZSHIERW

REMDPIESS : BIARBEERQAESEBEAMEL /RAIKR
KidfE (MDP) , INERFBESERLEMNE, REMNK
LLMAY%FFktokendEBY o

HREEENG: E8—PERPS|IABNERMTE, EFFR
o (BEM) ( KA (BAK) . iRYt (BRFHAIL) =
kjﬁmﬂ AL BIENE o

Inner Markov Decision Process

Question:
What is the date of death

E”“"‘ Mm =
|

i ‘
What s the date of death of the o Wha ' the date of birth
20007 of

is the date of dulh of the

o L . e N K™ O - 1 vl ot
What [& the date of deatn Quens
of Robert Fuest? 1 gractor of fim H . Arbembeﬂm? phest Wha i the diractoe of the film
Em | S ) —F_ET,',",,’-;‘;’,: *Holocaust 20007
Qusery: Query: it Quasry: Documeants:
o Who & tha dirsctor of tha |— ‘ Who s the director of the film —_— e e What i the date of death  |—— i :
. - ..The director of the film 'Holocaust
20007 Holocausst 20007 d b of Alberta Da Marting? 2000 ks Alberts De Marine. ..
ent i
Environment mm- Ag Environment Query:
o e The director of the fim ‘Helocaust o Answer: What is the clate ef death of
it il 2000'is Alberto De Martino... Alsrkile Mot s dee Abertss Da Mardno?
1990,
Documean)
Actions i Thedawof uuanh ofAbw! Da
State Actions Mm'llm 5 2 Jun
Outer Markov Decision Process Staha
(b} i
P Action i) — Process Reward
State —» Action gy B <, State —»
.ﬂﬁmm Reward Model —™  Process Feward
SFT DPO PRM

RAG-Gym: Optimizing Reasoning and Search Agents with Process Supervision, 2025.
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EE5XH (ORM+PRM )

ReARTeR: WWER &I

»

SREXMER (PRM) : BHZE
19, SISERMAEE,
SEERER (PEM) : ERBRABERIE, BEMESEWL
NEEENEBIERIN, RURBEERNNERL
LREM: PRMIUSBHIBESIRISREREER,
ERIEHMY, BROEERIHESE

WEXR, XYHESBRIN

HARE

Test-Time Scaling Chaestion Cillsctiri PRM triining diia i i, correct(a,)
allcting training =
St st ey Rollout 1 ey... — Answaray g o8 4
A3 B4 02 ' : o A
! Question — Rollut2 ey Answer:a, b
Rollour 3: ey Answet: ay.

© 04 {Low Scorey !
1

v Explanatio RAE
| Sub-Cuery \ B0 03 0 e 0 s 1z 04 66 ok
Bl
: (a) Avg Example MC Score Ave Example MC Score
i Retrieval? ¢
| Rewonng - P e
| RAG fo— ... . _
s, PRV Bius Score = . o ]e: n+o 3l . ]
H .. Sz s Stepe} > . I
eward: Ty “xpla -

Fi, gu.rez T st-Time Scaling of ReARTeR, which includes
s ir 1, and 2

Post-Training Scaling

= { : ' Select Binary Scarch Hdntn A
Eus:mlg M-“Ml“g |
i Interactive ue (o) Selected O e @
a. &, 2)} o ollut fram 1
wanpling w@ Qe -0 0O 5 P P
BT o _ PRV @ O I )
MLMM‘,M 2 x .._-Ih:ﬁn:: @m I Il!‘ 'h'l
-l A kF PEM T P I
S}-TI'urWaml-\npl 2 — | Generator after
e
i $ Updaie wsing () @D, 0. 1. (DO O.O,-1» ;
Weak Gererator e ————

ReARTeR: Remeval Augmented Reasoning with Trustworthy Process Rewardmg 2025.

Rezero: B 22 FIHLH

BEERE: BEEXRM "E1” 7K (8XFEHE) , E
MIINERFMY: XARLENBERERNTER
RRRERE: HMEEMRERAE (W ERR-DH—-
%ﬁﬁ@é)%ﬂﬁﬁ%

Z BirpEA : BEONEAMIRERE (I ERERIN/RR
LEAERRE/ZHM/ER ) LIBRITABHFE

! I
' ]
' Verifier ! Wrong . Wrong |
| l i Retry Retry Correct :
: g : +correct :
+ 1-retry +n-retry
Sapuk Actual
Query =P | Query 1 Query 2 Query N b e

ReZero: Enhancing LLM search ability by trying one-more-time.2025
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RISETS

[ pEmE

A

B 4 g & N[ HMERSK %28 N B L HE h
@ Tree Search  MCTS E LR & Bl
% . . O
e
!
Sl IRk D & X
\_ y |9 J y € J
\
(*ﬁiﬂi&ﬁﬁﬁﬁ) : N N/ o N\
ERIEIEE MEERUA SEILE S
EEZNHE [ m. ARt [ . e = =
=z AEN T J ( ) (. -t )—(_wes )
ORM o E V
B L R g———— AHLELEFE- ) B s s
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» AgenticRAG

complete multi-step research tasks for you. Available to Pro users today, Plus and Team next.

©  Could you specify which aspects of the retail industry you're most interested in? For example:

]

ARERMNEFNEHEFANK T RAG Flow,
BRI FF T Agentic RAGFEER .

February 2, 2025 Heleass

Introducing deep research

An agent that uses reasoning to synthesize large amounts of online information and

2 Compile a research report on how the retail industry has changed in
the past 3 years. Use bullets and tables where necessary for clarity.

E-commerce vs. brick-and-mortar trends
Consumer behavior shifts

Supply chain challenges

Emerging technologies {Al, automation, etc.)

Impact of inflation and economic changes

Sustainability and ethical retailing Also, do you need a global perspective, or should the focus

be on a specific region?

o P YO

AL

RAG FLOW
PATTERN

TUNING STAGE

Retriever FT Generator FT

MODULE TYPE

Indexing

MODULE MODULE

Chunk Optimization Structural Organization

Small-to-Big Hierarchical Index
Sliding Window KG Organization
Summary GrETvER

Metadata Attachment

OPERATOR

MODULE TYPE

Retrieval

MODULE MODULE

Retriever Selection Retriever Tuning

Dense Retriever LSR

Mix Retriever RL

OPERATOR

Adapter

OPERATOR

I
|
|
|
|
|
|
|
|
|
I Sparse Retriever | SFT
I
|
I
|
|
|
|
|
I

MODULE TYPE

Post-Retrieval

MODULE MobuLE
Rerank Compression/Selection
(Long)LLMLingua

Model-Based Recomp

LLM-Based Tagging-Filter

OPERATOR

Selective Context
LLM-Critique

]
|
I
|
|
|
|
I
|
|
I Rule-Based
|
|
|
|
|
]
I
i
: 'OPERATOR
|

P

/

MODULE TYPE

Pre—-Retrieval

MODULE MODULE

Query Routing

Query Expansion

Metadata Filter CoVe
Metadata Router/Filter Multi Query

OPERATOR SubQuery
OPERATOR

MODULE MODULE

Query Transformation

Query Construction

Rewrite
Step-back Prompting
(Reverse) HyDE

OPERATOR

Text-to-cypher
Text-to-SQL

OPERATOR

MODULE TYPE

Generation
MODULE MODULE
Generator Generator Tuning

Cloud API-base SFT
On-premises RL
OPERATOR Dual FT

OPERATOR

MODULE TYPE

Orchestration
MobuLE MoDULE
Scheduling Fusion

Rule-base
Prompt-base
Tuning-base

OPERATOR

Possibility Ensemble
RRF

OPERATOR

Dual FT

INFERENCE
STAGE

Sequential
Pattern

Conditional
Pattern

Branch
Pattern

Loop
Pattern




» FIENRIE (Pre-defined Workflow )

EraftsE HES R/R

* RABERMNINFRITNZSHHIES X o RRMIRITHAR T ERESHVAIZIEN S IE
o HFMIEBMENRIFRENE * FTIEFELRUM, HMEHTHREDR

* HFE XRIACHNERZA RN o {RIETAESEMMREM

* FTHrERERE BV A S AN * BRTHNSRRERNTHELE

* RAERETHEERBTHSEE o MMM TENE, BRMHTREFNATUME

* HTRZXFFE, PIEESFBUTELR

HFERSR: D= fyo..of,o f1(Q)
HpQRAMAEN, fHEESE, DIRBZREHL

HEMREN=MER

R BIHIE WRGHE BaT R

Pre-Retrieval Reasoning Post-Retrieval Reasoning Hybird Retrieval Reasoning



» HZFERIHEIE (Pre-Retrieval Reasoning )

FIOHRS
MRAIIES ZEHTE SRR IS LB IR AR RN FE TN,
BEERAR
D="T¢°R - ¥(Q)

HPVERERRIIN ERRTERERRIEN

RN

vV RSRERBE, BREWPLEEN
v EREERE, MAERRR

vV BOTDENGRIRE, REWE

PFEZLIMAE

HFifJ{ft (Query Optimization)
A RFIRREE TR URARMAREXY, BINEIGERES)EESNEN.
K& LeReTEIEMFHFNAATFEHE IS HELANRRME

EHEFER (Attribute Judgment)
FEADENBNSETREMRSE, THETRYE (NNEERE. ERERT) .
H%&: UARFIAdaptiveRAGEE R Z M EL D £BUSRNETDEBAKE

itE¥4£E L (Plan Generation)
RERBWDBAGHANFESFS, s5ISKREAME.
38 PlanRAGH B B IR ER R B GRS 24 0 RBERAFT

15 W 1828 (Semantic Enhancement)
FERMESEHTSBANBRAFESTEIERR.
f3%: O1-Embedderi§BEHREXEMEEERAPURSHESHS



» PlanRAG——EFRAGHRFEOZ

HERIEIRT

1. TR ER
RIR I BB E R A& R SR

2 RSEE
RATIHHRIP BB S ER, REUREARER

3. |:fitR
HMELFHRIRE XD, DEREROWER

Step 1: Making a plan for which kind of analysis is needed for decision

Retrieving & Answering

<Q, S,R>

(a) previous RAG (Single-turn and Iterative RAG)

dhcst

query result

data analysis query

[Wht:rt: should I locate my 111crchan1®'.’ My goal 1s maximizing BAH’s profit on home node, Deccan. J>. .

<The database about the international tradab
Country table NodeCountry table
country home node development trade node country is home TP country has merchant
BAH Deccan 186 5 Deccan BAH True 160 False
JNP Doab 143.7 Doab BAH False 71 False
BNG Ganges 1437 Ganges BAH False 0 False
TradingNode table TradingFlow table
trade node | is inland LY v ov TPt source destination flow
Deccan True 891 082 2.171 1128 Doab Decean 0.78
Doab T'rue 6.98 0.87 1.564 1243 Ganges Doab 0.82
Ganges False 8.31 1.07 1.647 1172

decisions. Step 3: Calculate profit increments by decisions.

Step 1: Determine available decisions by finding source nodes. Step 2: Ascertain flow increments b_\}

Planning

Retrieving & Answering

Re-planning with <Q,S R> and the previous plan and query results

<Q, §,R>

dhust

query result

data analysis query

(b) PlanRAG

Step 2: Retrieving data and analyze it

Decision 1 (dy): Locate a merchant to Doab.
Doa bl J .
Nl flow 1 +1.62 Je

1 =

Decca
Profit +0.23 by flow 1

r'd

Step 3: Answering based on the result of data analysis

Decision 2 (d;): Locate a merchant to Ganges.

w_

]

_'2: +0.79 )

Decea 1
Profit +0.02 by flow 3

T,

ﬁ‘(ou should locate your merchant to the Doab node to steer value, so that maximize profit of BAH. }

PlanRAG: A Plan-then-Retrieval Augmented Generation for Generative Large Language Models as Decision Makers. 2024
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B (Post-Retrieval Reasoning )

Y Y
KRUELETH
KEBHEEMEXRAGRAN —fxEiHS, HPAMWMEREEMIMNEEERZEER Z

a2, HENBERETNRRIINAS. ToG2.0

. BT A S SRIBESR, EENEHN RS B8, ERAESEREY
BEFRAR EBHNSOES T BLABHTELEE, BALHERSE,

D="T-+ V¥ o R(Q)

HAORZORRER, WLIMIETIR, TRRREIRRRE

I E*ﬁﬁK H LLM#EER ’-i‘%ja‘ﬁ ]

| R H ERER ‘

REBEENERTR
o MRRGERATARE DT ActiveRAG
o BEOAMEREZSTXENER

FRARENH=MERTE (BROE—RE L —BAER) e BRI

IR, BRSMITIZ S IMBEIR Y RO hEE.

s BARAKENHZEHRAFE BYZIESHIAER (WRESLEEFESXEL) ERIMERNLLMASR RIOUERE, K
==Y "I:‘-1" - Lafs

. ERSMBEIRREERAEER VLD 4B 2E FRATPT RERE .




» ActiveRAG: EFRAGHRFEOE

HEREERRZE

HIERE=PT

B8R

*iRFE

BHET

EFRERRIRE R0 R

EHMEEEETE

(35 PE

1. BE#ITHIRE R

2. AR ETHRERHITSHLMEE
3. EE AR RE A B LR T A MR LA HEIE

AN RBIFIMEREDA

IR

MR EENERTEAN
WG BRI TR R EIERRANF] B
FUNER, B HEIRE

-
@ [ Who is the spouse of the performer of song “Miss My Baby" ? ]

Question

=]

5 “Missing My Baby” was one of the first Selena songs to be
played on radio stations. The music video was ...

) S

Doc,

Eh‘l “Missing My Baby” was written by Selena’s brother and the
— song’s principal record producer A.B. Quintanilla...

Doc,

Agenty,

g
®

-

Stepl: The song is “Missing My Baby".
Step2: The performer of the song is
Ariana Grande.

Step3: Ariana Grande is married to
Dalton Gomez.

@ Chain-of-Thought

M

Self-Inquiry Agent Knowledge Assimilation Agent
Let think step by step [ Please extract knowledge that model should be familiar basea;
= on the question, and analyze the role of these contents.
> (P
Qi i Agentg

T=-A iation I v
m%ﬂ @ ssociation Instruction

Question | Knowledge : The performer of the

song “Missing My Baby” is Selena.

the information about the performer...

~

&l
— {% Role: This knowledge can help us get

8
aro

Agenty, [5F Assimilated Knowledge

‘@ . The information provided does not
"u'ailla mention the spouse of the performer of
RAG the sang "Missing My Bahy".

Chris Pérez is the spouse of the performer of the
m | Song "Missing My Baby", which is Selena.

-
Thought Accommodation Agent h

with the knowledge that that model should be familiar

~
Please verify the reasoning process for errors and enhance it
based on the question. Then answer the question,

T = Association Instruction

@ .2,

Question Knowledge

"
Step 1: The song is "Missing My Baby".
Step 2: The performer of the song
"Missing My Baby" is Selena.

Step 3: Selena was married to Chris
Pérez, a guitarist for Selena Los Dinos.

Agenti Answer: Chris Pérez )

song Missing My Baby?

Question: Who is the spouse of the performer of

Documents: “Missing My Baby” was one of the first
Selena songs to be played on radio stations...
Ground Truth: Chris Pérez

[ ActiveRAG

) Chain of Thought

© =

Question Self-Inquiry

The song is “Missing My Baby” and
we need to know who is the
performer and who his/her spouse is.

5/ Assimilated Knowledge

Question Documents Knowledge
Assimilation

The performer of the
song “Missing My Baby”
is Selena. The knowledge
can help us ...

”@ Answer

-
Selena was married to Chris Pérez,

a guitarist for Selena Los Dinos.

(From Parametric Memory)

So Chris Pérez is the spouse of the

performer of the song "Missing My
5 Baby", which is Selena.

Thought
Accommodation

Question

@ Final Answer Y.

L

ACTIVERAG: Autonomously Knowledge Assimilation and Accommodation
through Retrieval-Augmented Agents.2024
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1. Training @ @ 2. Retrieval

1 Embedder
s E——
b L

o s e I =

O Embedder O Embedder h Embedder

I <querys "r!:[ <ombe "_ <thought> l:hu-/# r».-mh:-J [ docd "II I <emb> ] { <iuery> o <thought> d
o =

L

Question: pain relieving after

weight-lifting?

J_L 2. Retrieval

g

h 4

O1 Embedder

il

1. Thinking

you may need documents about ice
therapy, stretch, NSAI medicines ...

Though: to address this question,
(o0 ;

Instruction: think about a plausible

Hisbahice o nadiee gie diibrg Ground-truth: you may find it helpful to

have ice therapy, stretch, NSAl medicines

b

Retrieval

In-context examples.

Query: symptoms of flus?

Response: common symptoms include
Query: how long to recover from flu?
Response: it typically takes 5-7 days

Candidate thought: Remember, recovery

is just as important as the workout itself @ @ @\
Question: relieve pain .. Candidate thought: use alternating ice
after weight-lifting? A and heat therapy for quick relief " I‘ [D
N ey
LLM

Candidate thought: Pain after weighi- |‘ CD @

lifting is due to microtears in muscles

01 Embedder: Let Retrievers Think Before Action.2025
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» ESHEEMRZE (Hybrid Retrieval Reasoning )
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..published in Esquire magazinein 1971
=, The full name is Raymond Carver...

Original Query The author of
What city was the author of Neighbors born in? the short story
- “Neighbors" is
Knowledge Base Raymond Carver.
> Unfortunately,
Y - £  the provided
4 The author of Neighbors is Raymond ... % document. ...
L£

—

Ny |Q

(1) Note Initialization

%

-

9

Q

Original

The author of the short story "Neighbors" is Raymond Carver.
According to the available information, Raymond Carver was

born in Clatskanie, Oregon, a mill town on the Columbia River.
This information is found in the document titled ...

\;J

@ Note-Informed Answer Generation

Nopt |

Prediction: Clatskanie

|t|"-

~

The author of New Query. ) i
the short story L . of American short
"Neighbors" is story writer Raymond Carver?
Raymond Carver. | 2. Where was Raymond Carver, the author of
Unforturately, — ——5 the short story Neighbors™ bor‘n?
the provided i,
document. ......

o Knowledge Base

&

Ne |l Clatskanie is a mill town on the Columbia River ...

If continue
Knowledge Growth?

" Raymond Carver was born in Clatskanie ...

was first published in "Esquire magazine"..
update Ny . 4

failure count += 1

J‘é "o re

The author of the short story "Meighbors" is Raymond Carver.
According to the available information, Raymond Carver was

This information is found in the document titled ...
(2) Note-Centric Adaptive Retrieval

born in Clatskanie, Oregon, a mill town on the Columbia River. | o |
N£+l =

=1

Average Token

DeepNote: Note-Centric Deep Retrieval-Augmented Generation.2025

MRERRF: ERINAUESHEIRES 15.3% - 22.7%

Average Reference & Evidence Tokens m Average Performance & Density
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» MR (Dynamic Workflow )
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ErhiEEN#EE (Proactivity-Driven Reasoning)
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» FEENIXENHETR ( Proactivity-Driven Reasoning )
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Agentic Reasoning
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DeepRAG
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» Agentic Reasoning: & SEHEIEIESS

B EnA

. RRESREIEFRT A BRERT
\ BENSKREIMNMEBINTESS
@ RMBAXRERIMNE TRHAITERIEE

Question

As of Q4 2024, A mid-sized retailer, X
operates 50 stores across the southwestern
U.S. and aims to reduce overstocking costs
by 10% while still maintaining at least 98%
product availability for its top-selling items
during the upcoming holiday quarter. how can
X Retail forecast next quarter’s optimal
inventory levels per store to balance cost
minimization against high service levels?

frgh wlaton Lowtl Supply Chain Lead Time
fdoces ncressis Rschicei mervases Detys
— |
wmr:"“ "'::;::-m ‘Sewand Yolstility Asgrder Taming
Lty Lowen ot e Uml‘urwv ncroases Inérasset
Prafected Saies su‘m Stack Heeds
Guaden_ g

[— Mantains T

LN a b7

LLM Models

@ WeblERAHE: RERBEXER
B RBHTRE: IBEASHIIE
W RESEAHE: MEBMNRENS, BIREEKE

Tools

¥ & + G

Search Code

2

Reasoning...
¢ Query: US Q4 2024

| need to identify Relevant inflation end CCI
— External Economic Indicators

To model demand volatility
amid inflation and shifting
consumer sentiment, | need to

[Web-Search]...
Query: Use ARIMAX

Then, we can use ARIMAX with  to predict Q4 per-
store sales given...

external regressors to predict ——

A ) } per-store sales [Code] ... -
brvertiny Turmower % Product dewdability Excess inventory Costs.
: T f Result: The projected
i g L e sales will be...
Ovonitock Bak Sockont Ak Cantomes Satielnction Profit beeges
So putting this all together, the
Mind Map l_’ strategies would be [Mind Map]

———> Searching...

[Web-Search] €«—— ...AsofQ42024, the
Result: 2.7% United States inflation
inflation and 109 GG rate stands at 2.7%, the
Consumer Confidence
Index (CCl)is at 109 ....

5 ; —_
search historical sales under 7
relevant economic indicators. <€—— Searching...

v
Coding...

...SARIMAX( sales,
exog=[cci, inflation],

order=(1,1,1), seasonal_orde

r=(0,1,1,4))

results = madel.fit()

exog future =
pd.DataFrame({"cci":

[115], "inflation”: [3.5]},
index=[pd.Timestamp("2025-
03-31")])

Forecast = ...

Player 8

Memticns Potion  Votes Agatnst  Ssant
o %

Al Players

Déad in Mgt T

* DemdiNghil

Figure 5: Mind Map in playing werewolf game. The

first round and the second round.
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Agentic Reasoning: Reasoning LLMs with Tools for the Deep Research, 2025
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» EIXFNHEEIE (Reflection-Driven Reasoning )
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» OpenRAG: R BIKFIRHETRIE H 4 BY

R BB
| &5

Critic Retrieval

LLM |y Irrelevant ||y |U
|Retrieve --------- 5

oy AR i

Query q

HSHLEEIRERNERRE % — R‘th'i |

- etrieva etrieval
~ BiSR R M y UI Relevant Y]V Relevant | 1YY
RIER B RIABRK EMNE SRR Fuliysupported| Partially supported

Prompt with Open-RAG LLM|

ED: Adaptive |
| Refrieval |

== Enforcemeant — Generation without cu;ﬁ:?:“
RREEEM : j extion | |
Andover USD 385 is located? |

- 7
Q: According to the 2010 V
@ R BT ER RSy i A 5 N e (A1Q) =026 <7 |
x A 10,408 Model Uncertain:
m Retrieval Required

population of the city in which | >
WP S EEPES—— .- s AmE S mE S el SRS S S ma s & T oS

1 I
@ ' 2 | (3)
Knowledge 1: Andover, Kansas 1 [Knowledge 1: Andover USD 385 \__/ t|[Knowledge 1: Andover USD 385 S/
Andover is a city in Butler County, Kansas, ' IUSD 385 is a unified school district 11USD 385 is a unified school district headquartered
A United States, and a suburb of Wichita. As of : headquartered In Andover, Kansas, United : in Andover, Kansas, United States.
1. m#ﬁﬁﬁ]ﬁﬁy)\ the 2010 census, the city population was | |States. 1| Knowledge 2: Prince, West Virginia
1,791 1 |[Knowledge 2: Melvern, Kansas 1|Prince is a census-designated place (CDP) in
Knowledge 2: Andover USD 385 1 [Melvern is a city in Osage County, Kansas, 1|Fayette County, West Virginia, United States. As of
o Reﬂection Token Q_Z_EE USD 385 is a unified school district I |United States, along the Marais des Cygnes !the 2010 census, its population was 116. Located
- headquartered in Andover, Kansas, United ! IRiver. As of the 2010 census, the city population | ! |at an altitude of 1,263 feet (385 m), itis served by
AEEERENER States. : was 385. : an Amtrak station.
Jb 1 &l ! o 11
~ 1 . 1 'g' .
3. BERKE _—r : - : 2 )
el Relevant | | Fully supported | ] 1 Relevant | Partialy supported | 1 Relevant || Partially supported |
RS Cont 89.3%| WA 1,791 L L } | Cont s6.2% HCA:12,898 i Cont: 57.1%
— ( Rank1 '\' e —' { Rank3 : s XA' 12'795] Rank 2
4, ERBHEIEEF ERCEON X B \ (257)
HSRETop-28 K
5. M SEE R BIRENIFHIE HIRR AN ERRERS
ERFIRLETX i@t Reflection Token=ZEah TR ZEFCRGEBALT R T CURAIRIES R R BAVEIRRERASEERMENRE
72, EWMmS. BIERMFIRKEZEMAERRL BRENAS IR Xt
6. REBMARL
R A R

OPEN-RAG: Enhanced Retrieval-Augmented Reasoning with Open-Source Large Language Models. 2024
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» SIRIXENIEIE ( Feedback-Driven Reasoning )
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Question Legend
Root node S Simulation score /IVSimulation %Critic Model @ Generator
Given a string s, find the length of the longest substring without . : X
repeating characters in optimal time complexity. |:| SubGoal observation o: Reason, GenQuery, Retrieve Iﬂ Retriever
Execution observation o: Rationale, Query, Doc : @=] Rule-based
o - ~% Action é! function

Training Data Collection via MCTS

(a) Selection (b) Expansion {c) Simulation

S o
Lo 11 @ (o ]

(d) Backpropagation

Value Model Training Inference
Step 2: Execution Selection

glcurrentState, Action) :L?:p{:i:al T : : o SahCioaie st @ -~
Selection ! ! )'. !
currentState: % @ : 2 : oy
Previous Thoughts; Re"’%‘_‘i‘- n % =5 S
S [ ~
urrent Action @ = & : @ : Repeat

(Sampling @ : (Sampling : (Retrieving
—» Reward and choosing Reward=1.1 ; and choosing % ; and choosing %

Rationales) | Queries) 1 Documents)
L 1 1

IR IR

SMBRIRIERD: B FFERAOTE R ITE, SIHETRENBEENBAE. N
INEWNIZW R 5, MEENF AINES AL EIERIBHIRRERZ .

Can We Further Elicit Reasoning in LLMs? Critic-Guided Planning with Retrieval-
Augmentation for Solving Challenging Tasks. 2024
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Table 2. Tasks and Datasets under the New Trend of RAG Combined with Reasoning

Task Type Sub-Task Dataset Description Scale Construction By Evaluation Paper
Deep Research Agentic Reasoning PHD-level dataset covering 15-30 domains  PhD Experts Expert pass rate  [92]
Deep Research [92]  finance, medicine, and law.
Deep Research F:cporl Genera- WildSeek [44] Info-seeking msk—goa{ pairs 100 samples Rules/LLM/Manual LLM [»8]
tion for document generation,
Report Genera- TELL ME A fiction writing evaluation 230 samples Manual LLM 98]
tion STORY [37] dataset: detailed prompts
and long-form narratives.
Peer Review Review-5k [91] ICLR 2024 peer review 4,991 papers OpenReview/arXiv MSE/MAE/Acc [91]
dataset: paper metadata
and  structured reviewer
feedback.
Report  Genera- Research-14k [91] 2022-2024 Accepted ML pa- 14,911 papers S ic Scholar  Simulated review  [91]
tion pers: outlines, full texts, and + arXiv scores
cited abstracts.
Report Genera- SolutionBench [54]  Engineering  benchmark: 1,050 datapoints Manual/LLM ex- Analytical/ Tech- [54]
tion constrained solutions across traction nical scores
8 real-world domains.
Math Reasoning  GPQA [67] PHD-level MCQs in physics, 744 sets PhD Experts Accuracy [92]
chemistry, and biology.
Math Reasoning ~ MATHS00 [55] 500 math problems from the 500 problems Public repos Pass@K [51]
MATH test set.
Programming LiveCodeBench [40]  Progr ing benchmark 1,055 problems Competition plat- Pass@K [51]
Mathematics & with easy, medium, and hard forms
Reasoning problems.
Programming USACO [70] USA Computing Olympiad 307 problems USA Computing Pass@K [52]
problems, testing algorithms Olympiad
and coding.
Math Reasoning ~ TheoremQA- BRIGHT subset: theorem- 206 problems STEM datasets Accuracy [52]
Math [33] based math problems.
Programming Gorilla [64] APl-aware code generation 1,600 APlLs Manual AST matching [73]
from HuggingFace, Torch
Hub, TensorFlow Hub docs.
Math Reasoning  OlympiadBench [29] Olympiad-level math compe- 1,000 problems  Competitions Accuracy/F1 [109]
tition problems.
Complex R ComplexWebQA [76]  Multi-step reasoning over 34,689 querics  Web snippets Accuracy [34]
ing web queries with cross-
document integration.
Domain Retrieval StackEcon & Stack- Biology and economics 206 queries StackExchange nDCG@K [52]
Bio [33] StackExchange questions
Demanding for complex retrieval.
Rikrisial Active Retrieval  AR-Bench [14] Active retrieval benchmark  8k/sub-task Synthetic Accuracy [14]
with four sub-tasks.
Real-time TAQA [104] QA  dataset with time- 10K-100Krows Human-curated LLM [14]
evolving answers.
Real-time FreshQA [80] Dynamie fact QA bench- 600 samples Mixed sources LLM [14]
mark with evolving answers
Domain Retrieval PubMed [42] PICO-based medical search  21k+ samples Systematic  re- Recall@k [42]
dataset linking reviews to views
PubMed.
Domain Retrieval Trial search [42] PICO-based clinical trial 7k+ pl M Iy Recall@K [42]
search linked to ClinicalTri-
als.gov.
Domain Retrieval FinSearchBench- Financial retrieval bench- 1,500 queries Manually Accuracy [50]
24 [50] mark covering stocks, rates,
policy, trends.
Business DQA [48] Decision QA benchmark 301 pairs video games Accuracy [48]
- with business scenarios in
Decision & 7 y
QA _ enterprise u-llJ.ngs.. ) ) _
Medical CMB-Clin [87] CMB subset for clinical diag- 74 cases Textbooks/diagnosticd.LM/Expert [11]
nosis reasoning in Chinese materials
medical cases.
Medical MM-Cases [11] Medicine cases g 1 609 cases LLM/doctor- LLM/Expert [11]
by GPT-40-mini, verified by reviewed
doctors.
Medical TCM-Cases [11] TCM patient cases generated 130 cases LLM/doctor- LLM/Expert [11]
by GPT-40-mini, verified by reviewed

doctors.
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Root (100)

I

Science (58)

/ \

Applied science (51) Natural science (7)

| |

Agriculture (1) Biology (4)
Computer science (45) Physics (2)
Environment science (5)  Geology (1)

Health & Fitness (10)

|

Fitness (1)
Medicine & healthcare (9)

Culture
&
Society (10}

|

Law (1)
News (2)
Politics (1)
Urban study (1)
Cultural study (5)

Lifestyle Social science
& &
Leisure (8) Humanities (%) Others (6)
Design (1) Education (1) Animal (3)
Gaming (2) Management (1) Transportation (2)
Music (3) Business and econ (6)  Emergency management (1)

Food (1)
Travel (1)

Into the Unknown Unknowns: Engaged Human Learning through Participation in Language Model Agent Conversations. EMINLP 2024
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o FERIERENEIE

o R |02 (Decision QA)E EENIEEE
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e M MHE: EI(Locating)F1i2i% (Building)

HIEERITER
HIEWER $EHT EMFE BRHE
o MFZF P RE T 12 B MR o] @R-ENHE EE XS BN = 200 101
o MIEIETEAY STEARATAR 2 23R R AR B BT 91T EX 2,038.8 579.0
o IRFAGE Y 6] SHAZ Tt A BR 6] 53 E 2R EE 182K 1,432.3 374.7

PlanRAG: A Plan-then-Retrieval Augmented Generation for Generative Large Language Models as Decision Makers. NAACL 2024
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Chatbot Arenaff FAIRREFHNEEF S, BAMEFEE
TEENREAMAFHER , HREABRT —ZRIRE

RIHER R ATLH o

ARG FABNIES EFMERE

IR N

o RIFIFERMEHTABHTU

e MetafELlama-4 & EIM T 27 TMEEITE(K
o RERFIBEMKERLF

SRR RIS IS FR1E

RS A

o Googledk{§19.2%E9E1E
e OpenAliR1§20.4%H9¥IE
o S3THMANERELNIATT29. 7% 9L

IR

o TERHRHRETSER

o ASHHTET—ERMETEREE
o WARBHRASRHEOMOE SR

HERER I

o HEHERERIHRELAR
o HURLLHEIMO%IEINZT70% el {ERE R BB E
o FIEESENEEArenaD BT EUS

Data Access Disparity

Proprietary providers benefit the most from
free, open community data.

G1.3%

B Froprietary
B Open Source

Handpicking Scores
Undisclosed private testing allows providers to
only disclose best score.

* Private Variant
Pl ® Public Variant

Removed

Overfitting Risk

Even small amounts of data can lead to 112%
gains in Arena performance.

The Leaderboard Illusion

Policies which benefit a handful
of providers systematically
distort the rankings.

Model Removal

66% of silently removed models are ocpen

weight or open-source.

Silently Officially
Removed

NN H

Y4
4
4

O A

35
® Open Source Approx Battles
& i Open Weights o < 66K
@ 9K |
3 251 o Proprietary @) 132K-369K
Met
% 20 6 . 671K - 1.2M
E 15 Anthropic
£ Atig
= 1.0 Reka Al
= @ Oha???s.aek Al
5] ictral “ llen Al _
® o g, © ®, 3 ) v
gl_ee com ee e o OB @ ,.' )
900 1000 1100 1200 1300 1400

Maximum Arena Score

The Leaderboard Illusion. Arxiv 2025.




» Chatbot Arena5S| £ AIF LRGN EBE

' 4

FFRd= WS KRR R
SN{alFE IRIE & R AV AT 4 3 BB EEMFFMAER O B%R T HARmit, T
AFEFER? SRR s br HIERNRAR#HS
—_L \ /
FARAAT LU A?
S IRE HERAE
o HIEA—MAREITICIEN) . HISEUEHISNRIIARE
. EIABNEEITUITEAELR . FREATHEAULIE
o FREDDLATEIN o BRRBLIHTERIHL
. RMTMESHIPUERS . WRETANBNIMY
KBRS

FARFNZEAEDATEN A FENRBIE, BERRIEAR. ERSENCFNSE, BERAEEIDNMZEEE, WR
BRARBAL AWV RABERRASMES.

The Leaderboard Illusion. Arxiv 2025.
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Leaderboard

http://oneeval.openkg.cn
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EFERR
_________ N
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Fl-score | R R
|
|
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Accuracy | AR H
|
|
|
|
IsM@1 | ISR
_________ )
A= ! $2I0MEES
I & Tencent I
[ deepseeck OpenAl 3¢Claude ( i
i P Hunyuan |
| |
| ® 00 Met Q g 6 makEme
. Grok 3/ eta wen j BlIEEE 116 FsEAIESER
- ]
Rank Mo del ‘Dverall S¢ane WTQ PersonnQA Report Medicala PoliticalO A BioQA MaterialQA PharmKGOA  |ChinedseLawFact| VersiCode
1 |eroks 55 82%] T850%] a70%| 77405 50| 45 50% ) A00%| 6405 AEAi% 5425%) B100%
T |OWwo3zZE S065% TO50%) 300% 2. 30%)| TR0 45.00% TEET % B238% 4587 % L Ralig 2370%
3 [man turs sa10) s5.10% 140% 2203 150 430 8571% sname 32535 axasy) 51 70%
4 |Owen2S5.728 50.02% B5.50%| 2.50% 38 30%, 59.50% £5.00% 81.83% B2 88% 38.09% 70 .50%, 35 90%
5 |eFT-dS0 A8.49% B9 40% 320% 45 70%,| 53.00% 4£1.00% 4381% B1.4%% 39 23%)| S6.52%)| BE.50%
6 |DeepSeck-R16718 AT 36% T4.30%| B80% 59 70%, 45.00% £5.50% 3381% S0.48% 31T 58.00%,| BS60%
7 |DecpSeck V3 458%F% 69.90%| 260% 57 90%,| 59.50% 42 50% 557% 39.90% 39.08%)| 5387% 7 A0%
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9  |Doubssoro 4458% 45 100% 0.00% 25.30%, 5§3.00% 4A0.00% §3.33% 50.00% 27.148%) 57.50%, B83.10%
10 |[SiM4-38 41 24% 39.10%| 020% B 80%,| 45 50% 3A.53% BO95% 58.10% 17.70%| B8 25%| 58.50%
11 |deude 27 Somnet J8.L8% 28.30%)| a50% &2 30%,) &8 00% 22 10% TE10% 28.80% 40.10%) 60 .38%)| 1520%
12 |Qeenz.s7E I2TF% A0EG%] 0.50% 17 00%)] 34.50% SE00% 50953 ITER It EE%H| B3R 17 A0
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Rank Model Overall Score (%)
1 Grok 3 26.57
2 OpenAl ol 26.17
[ s e

4 QWQ-32B 22.07
5 DeepSeek-R1-671B 19.7

6 Qwen2.5-72B 18.89
7 GPT-40 17.79
8 Doubao-pro 16.46
9 Llama3.1-70B 16.45
10 Claude 3.7 Sonnet 15.62
11 GLM4-98B 15.42
12 DeepSeek-V3 13.68
13 Llama3.1-8B 10.83
14 Raichuian?-13R 1058

Knowledge Graph Reasoning Performance

46.24

45.89
41.57

22.55
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» Deep Research

OpenAl: Deep Research

SRR

FEE. 8IELIHH. ARAR
&, FEREREHFLOHTAEN
ERNEHABENTS

BHERRAA?

Help me find iOS and android adoption rates, % who want to learn another language, and
change in mobile penetration, over the past 10 years, for top 10 developed and top 10
developing countries by GDP Lay this info out in a table and separate stats into columns, and
include recommendations on markets to target for a new iOS translation app from ChatGPT,
focusing on markets ChatGPT is currently active in.

: @

+ @mE QEE P EEW

T @ URER

o EFRBGPT-03& 8, IFE
XA, SESERD

- EEEGItHub, SLAHEEREGEFH
fEHTATS . READMES X #Y

- REMRERE. REANAEM
Qb FRSTHAL .

Great, I'll gather data on iOS and Android adoption rates, language learning interest, and mobile
penetration changes over the past 10 years for the top 10 developed and developing countries by
nominal GDP. I'll compile this in a clear table, and include recommendations for the best markets to
target for a new i0S-based ChatGPT-powered translation app, focusing on countries where ChatGPT

is currently active.

I'll let you know when the research is ready to review.

Research completed in 1

4 i0S and Android Adoption, Language Interest, and Mobile Penetration by GDP

Market Overview and Recommendations

We analyzed key metrics for the top 10 developed and top 10 developing economies by nominal
GDP (listed below). The table summarizes each country's current {OS vs. Android smartphone
market share, any available survey data on population interest in learning new languages, and the

growth in mobile (smartphone) adoption over the past decade.

i0S market
Country share (2024)
United 57.6%
States 2o statiourseecom

Germany 354%

Japan 61.2%
United 481%
Kingdom

F{ofja]Zn

+ ®EE Q=

Android

market
share (2024)

42.2%

% Interested in
Learning New
Language

~70% (regret not
learning)  pesicom

High {=92% of
students learn
languages pewesencion )

Moderate (e.g.
compulsary English
schooling)

High {=92% of
students learn
lang ¥ 25 peusseacnon )

@ flEEmL

Smartphone Penetratio
(=2014 vs 2024)

=79% (2015) — =91%
(2024)

pevimEe

mzccee.com

=70-80% (2014) — ~99
(2024)

=55-60% (2014) — ~90
(2024)

=80% (2014) — 96-98%
(2024) (mobile phones
)

pewresen

[~

iOS and Android Adoption, Language Interest, and
Mobile Penetration by GDP

© HIETEHH20235F%3 X GDPHIEZRIAT 0NEAE
FHEINOMERTER. AR, HLKEIOSH
AndroidBERZE. SFIIMERABEAILIRE X
105FBasEENEXER.

Q. Searched for top developed countries by GDP
2023

© MECALKRTEERS ALEEFIILRTE
%U

Q Searched for IMF advanced economies list
2024

© EESEGDPHEEAIHITRIAER.

Q. Searched for top 10 developed countries by
nominal GDP

© R LEBEFHSIER: EE. PE. BF.
RE. BPE. ZE. AE. NEX

W iZEEY en.wikipedia.org

G BELKBAEFRNEE, HROREEFAM
SRR,

Q Searched for IMF advanced economies
including US, China, Japan, Germany, India

© EFETFFIMFEEES, SEURES,

mr EHY imforg



» Deep Research

Anthropic: Claude DeepResearch

ERT=:
EIWEFR . FIRTEENHRARE, SEESAFTARETIA
(&0 Google Workspace ., Jira &) f1EBMN{ERNTE =

o I've been assigned the "Checkout button silently fails for some users” issue on Linear. I'd like
you to help me debug it with the help of Conversation, Contact and event data from
Intercom.

Sider Deep Scholar

ERIT=:
FE . FENMRNAANRESTEREEGRIA .
MRIREIFS

83 Deep Research ==

I'll help you debug the "Checkout button silently fails for some users” issue by fetching
relevant data from Linear and Intercom. Let me keep my approach efficient and focused.

First, let's get the Linear issue details:

Ak
liili:) A
Now, let's fetch the Intercom conversations mentioned in the Linear issue:

Now, let's get contact information for the users mentioned in these conversations:

RRRRRRR
EEAEE, Wisebase T & ——EBr0EEH=R=E,

B
B s EXEARE (3.52+1EX) |, EESRNEEAEIE
« ETFMCPHMY, TEEAZSHMNE (Atlassian, Zapier &) |, E (Nature\ IEEE. Springer &) , BEEIEFHEIH R

REmBERms . EEREELTX. . RESERERERIENSERELE, REWRKE



» Deep Research

SRR ESHAIRANEZ+ZEEN T
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T%%*D*ﬁ%i‘ﬁ 181t Tavily. Brave Search, Jina TR
BER. X iEQ&V\]%TxEHYUJ BE o

MCP &5%, ¥ BAAEENRE ., FREE . Web M EEIHEE,

BEMERRER, Al RopESHALERRE IS,
BEIEIE PowerPoint jE77 375 o

Deep Research

M

EHR RN Z CERALEM Start —
HTF LangGraph HE, S'Z?%:xlﬁﬂﬁgﬂzﬁuﬂglfﬁuw,
AiEE E X BBRRYE SEE R 5H = |

B TIER, SIEUTAM: |
Coordinator: EET/EREGBAPHOAON, pensl

Planner: &9 /ERMLIAEBSAM
Research Team: HITIHHRINEWREBNES,

coder

v T

tools

low, your

agent

coordinator

planner

b

v

human feedback

end

research team

~

Researcher

v 7

tools

N

agent

end

......

Reporter: fRRARIREMBLIERS ¢

https://github.com/bytedance/deer-flow



» Deep Research

SRR B3 R

RPMERY . EEEMTEHRELNS:

ZRXERENER. BXRESELT
B, MESRENRIEIEIhFEE
REBARAN "BHEN" , ERN—R

AN, NeESIFIREEHRESE

S{EH% . BzLLM

HiS, BIRAGHE
FEEREZSESE

HUKN . HIE
ERUFEHEES

sSIBHZRREEN, &
XM LaTeX 344,

7 + RAMAZITE

Level 1 Duume Ganeratmn

‘ Write a survey on controllable text generation in large language models. #°

KWn

Keywords

K\H1|KW * ’—M—bﬁ:mrw Google Scholar L\S?el*ﬂjp{\ arXiv ]

{, Initial Keywords | -

E

First-round
Candidate papers

/-—\ EE Level 2 Outiine Draft Generation

| Deduplication |

> |

j

) | Level 2 Content |
f Lavel 2 Qutline Optimization Wiriting Plan Generation

PART 2: Paper Writing and
Refinement

¢
Realign

[ Plan )
'_' | O Generation |

Expansion -\ : ‘/ 1-2 ]
- Y (L) Tres Sean:hing Survey Draft | .
L 0 Genemhon kDt
- ' Latex Code | Kl | BSEl | . Final Survey
= - T Generation J 4~ Paper {PDF) | END
-
Topic Tup -1 lveness !-'leferencu
Ganmdanepapem jDD ". He—ranlung ' "Candldm Classlficalicn |Q Papors > 1 -
Multimodal
Attribute Tree Modeling | o
5 Cms’truclmn based on Parsing Ternpiale T -
== C.) ) C) s d ...... BEl
o0 | potey | olo | ‘4O I | —
OO |00 | oo =N § Logic Diagram | |
Survey Papar Method Faper Benchmark Paper Theary Papsr & Table Geﬂerﬂhon|
'  1-10 | m
PART 1: Paper Retrieval and

Material Preprocessing

Rewrite Dratt — E——

‘ o?;z:,;Papew Forest |-— [RAG) Retrieving Raference Papers Again — [ERa)

+, =
‘ £+ Draﬂﬂeﬁnamuﬂt‘ |—
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...... llya Sutskever and Jan Leike are
important players in OpenAl, and their
departures may have an impact on the

future development of OpenAl. ...

.. Their departures raise questions
about the future direction of OpenAl in
Al security research. As well as the
trade-off between security and product
development, Jan Leike mentioned
when disclosing the reasons for his
departure.
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