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EWNRENTz, TOREA. BEMICEE - HBETS5 Al T—Cz 2 k) OELRTH
%, EMAEHTIE. EMREBOA I -0 FEOXELZE L THBOBRMZES
TRIRBTFTIVAMAI =V b, ERMISEOEEICER LEEELGWRER
B BEMICIERT SREBBAI -V 0 MRES LT,

B RRISHOEETIE. KERESFETIL LN ZEEOFAY—ILEET. FFMW
BAMY—IVBEEHEICEWC AT TARE ELTERTASNA T Yy F770—F
DF- R E ol SHIT BB —RZER L TERHMBOREREFREFEES
AR E. BLRHHEENTEBA-. FYARBNLTEBADOHREARE> TS,

B EHCAl OHERENRRILET S, [EHETED Al OERIREL L TERSH
T2 AlT—2x U FORBEEZERRNIZON T ETIL—LT—00 Al BEA Al BKE
DR EBET IREVAT L, BRRGICETL Al OBEMNATRAEEET
BFEGE. REMPAFHZHERT -ODEKMLGETAME (RTRENT,

B ChoBRE, SEOAERAOEEA, FEEO A VMBICEDE, BRI
BEREMAEDOED7—FTI M ELTOREFENDTHNODTNDZ LZETR
T5, BAREICEWTH., COFRGBRBICE DO ERMG ANERERE L HEigEN
DEENZHETHS S,
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1. XL &I

20254E8 A3 AMB T HIZMTI T, T—E <A =0 IHB0 b~y FERESHTH 5 The 3lst
ACM SIGKDD Conference on Knowledge Discovery and Data Mining (UL KDD 2025) ~HIEd
LIS Z ST, BT - v b ThHoT,

KDD 2025 /X DA DR TIEY | FFLR PINAOERR ST T < FEE S O EMRY A b BT
LM H D, SHELRRBCHTRT DMEE NS DOREDIEIN, KFORFET v 7 BELZITIL
HELERMEENSORELIEEIE -1, 2L, EVOBBRTHMOFEARLND DR
TEEDAFTHIZEMTET, KEHLVIIRBART LB T —2a VETH 7 —ADRHEUL
SNz,

BHcix, M%), DElT— 2 A= R, [F—Fky MRV F~v—20 ] OKX T v
DFGCFERITIMN A, EIRES Y — 27 v a v 7 Fa— Y T L KD Cup (77— & o igise &)
Ve BRI T 0 7T ABMELE LT,

KT B DT 07T LOHnG | S%OEIN - U 2Bz b 5 L CRICEEE L
ZzuN53o0 vy, ThbL, Al =—Yxr b [BRFISH) EETX % AL
(Trustworthy Al) | IZEREZKD, 26D MEy ZIZB LT, &0 EC~NVA T T 538 ~0
IS & G TR SO e E AR LoD, BO NI RBE WL T 5,

AR T SR DOTTF _N—2 3 VRO RT A T 7 D NTmRmiR e 8k e 5~ 51T
AT %, HINOFEMARF AN LI RG AT, 25 kI HE# L2 7 E A SR E iz,
E&1 KD 205DTVRSVR-FEZatV b

(HFT) KFniebiRs

LV KDD Cup ™ #Z A7 X Meta Platforms (ZJX % [CRAG-MM (Comprehensive RAG for Multi-Modal, Multi-
Turn) ] Thot-, ZTHIE~/LTE—F/LRAG (Retrieval-Augmented Generation, MiFRILIEARK) DFE %,
Ray-Ban Meta A~— k7 7 AHRKEETeH 5,000 F DO Mg & 4 FEIHOGRM HAMGR B - ~ LTk
7 bl K - W) CTRMET ARE TH o, FEMITLLT U = 7 YA R

(https://www. aicrowd. com/challenges/meta—crag—mm—challenge—-2025)
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2. Al T—Yx b BEMEOMRLEEMBREANTANER
EMREOMBETHOCRET AMFE 7T IYA AT - b

ASEIDOFEE TR LR EHFEOR W =T —~D—o0, BEMICEE L, HMR X A7 2 2723
Al ==Y x> N Tholo, BEDME - RFHMMZ EMIZ L7=D M, Amazon [ZFT)E T DAL
FHHlzk b “Building Analyst-Like Agents: A Self-Improving Multi-Agent Framework for
Financial Reasoning in the Enterprise” (Zhang et al., 2025a) T&h 5,

TERD AL L, BHI NI T — X ICHESWTEZ AT OIFEERER, 3G ST 0
BN Bt iR DITEFThH o7z, FRC, BREOMBET — 2 1%, REOFEEFHOMAIZEL ST
VAT ANEHHE L, T OSSR E R E MR = 2 T b ST, TREREN) L e T
VR A A AN

TR, AT & TRETAHAMB T YA N L LTHAET, #ET5H57L—4
U= Tk, AR BT T YA b= b BN ETV, ZOREELHEMFETHD
(SFEm—2 = b Rl - EIE L, CELSILTOWRWERRAE 7 4 — Ry 735, —F,
MHETFIVA TV FLOERIZESE, [0V =2T 2=V b FY—1Da—
TAITMOET AN BRAEETEZHY L, o T 0b0x2m E3E 5,

COBEORESLNOOXGFEERBREZBE LT, MET7 Y A ho—T x> MNIFEMERE
FEREL, RIS U e N2 F T TN, ZORIICFHLEEAZENRLZ LT, AL O
EEARFRICM ELZE S, Zhid, AL 28 AL TKRDY Tk, Mko—B& LTk
IR ST ARRDOEB A Z A L ZRE L TN D,

BE&2 MBE7FIVRME, @HI&. TUOZT7ROZFA -2 MAMGET SHEA

System Tools
- * query_knowledge_base
-®) ) + edit_notes
! + test_new_tools

°

Accountant Agent Engineer Agent Analyst lexible
(real user/SME) Laam fioim the (tool refinement & testing) Agent I

interactions * get_pivot_table
Tool feature + search_transaction

request
Ank Modify tools

. e_o
Question i upon request

Analyst Agent

(financial Q&A) System Tools
— * edit_plan
| i__ij * search_script

Notes from historical {2 *  view_script
:_/sessions (business logics, - 5 add_funct!on
jargons, tool issues) Engineer *+ testfu FIGEIeH
Agent * save_function

* delete_function
* edit_script

(HFT) Zhang et al. (2025a) LV 5|H
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BATIZOWH/ N — D OREELICHRTCEEBBAI T -2 U b

WIZ ., ERTSS 2 BB Lo, PIE - P ILRKRZOZEE 512 X 5 “AlphaAgent: LLM-Driven
Alpha Mining with Regularized Exploration to Counteract Alpha Decay”
2025) TH D,

(Tang et al.,

T EOT = OEN L TP 2 —2 ) 2RO 5OIIEETEN. TR ERK Lk
<km@%&%o:@@ﬁ&bf\ﬁﬂm%TNV%V~&%LE59&—V(7»77)ﬂ%
LD XD RBERIEIE, —ERO > THWTNEUISNTEMMEEZ K-> TLE D Z &0
MT& 5,

AlphaAgent 12 Z ORFJEIZK L, O7 AT 72T Al =— 2 = > b, OFEERIEZ AR T5
Al —x 2 b, @m%*z%ﬂﬁféAkr~V:VFﬁ%wb%ﬁﬁ B2 7
ARG E DEEASVEY) WS RN — VBT RN D K UBRIS 2 B X RIF T,

2

)

REEETIZ. 2021 4E72 & 2024 4E12 7> T AlphaAgent [ZH[E CST500 THER 11. 0% ., K [E S&P500
THER 8. T4% DB Y # — 2 ZiER Lz, UL, HESSSORETT VNiEek L 4.96%
(CST500 : LSTM) & 2.75% (S&P500 : DeepSeek—R1) % Z#ZH Kil
HIICEBSNTHELLTLES, L)
Al m—V = FBRRET T 7 e —Fi%

W2 kRlos7z, —ERSTFT
AT R L, AER 7BV 2 B BRERIG &
EHETH IS HTREE E AL o,

K3 F7ATT7HL., HEERORKE, FHEiRSOF Al T—Jx Y FAGET SHEHEA

Market
|',2 Insight

Human
Knowled

Ohservatlnn ... Last hypothesis captures
ofitable prlce ‘patterns but with weaker
edictive consistency and higher risk

nowledge: Stocks exhibiting simultanecus
ntraction in intraday price range (high-low)
d declining volume over a 5- day window
dicate latent momentum reversal _.

stification; ... as compressed volatility with
: reduced participation precedes directional
: breaks .

]
Researcl
Report
Idea Agent = Initial hypothesis ho

¥ ’Description: Measures persistence of .

[o) i simultaneous range-volume contraction | Alpha
. ) ’ | by counting days where both metrics fall
Feedback: Comprehensive evaluation do oh | below their 5-day moving averages | Expression
of factor performance with tailored m_= ' within a 5-day window i
;recommendailons from Eval Agent T : Expression COWT(((Shigh — $1ow) < | Hypothesls Alignment
1 TS MERN( (Shigh - SICM) 5) & (Swolure < | +

TS MRS, 5),

& J g

./ Complexity Constraints

Backtest Self-reflection
Evaluation: The improved annualized return validates the core
premise of latent momentum reversal detection through range-
volume compression.

S

Analysis Feedback Factor proposal

{f1, £ fm}

(HFT) Tang et al. (2025) L9 3|

2 B (Originality Enforcement): $F LU EYEHRIE 2 5L~V CONT L. BEfF O F 4 7 G 0K & O%E
PUEAHET D, ZHUCLY, tMOBEZNEENR S NHRME L) BTz, FEAMIhTW RN =—
TIRT e —F OWRERT,
3 27 )VE (Complexity Control):
WZHZ T 5, Ziuck
HRIE DI R 2R,

HERE OB [ TEHEC R B K O | BEoEIER/T A —2 D%
V. BEOT =T IBRES L7RBICHD Z & 2BE. L0 EEr CrEd

Y RGEH & DEEAS M (Hypothesis Alignment) :

T LW GEANL T, AL BAEDORFIC
BEXZIEL KL TWADD,
T ORMBROFEM B EEND DEBLL,

1?774ﬂ”/1£f!i ARMEDT —HICESE THRIEZ HE)
ho THIBAZMET 5, TLT, Eﬁkéhf_%ﬂizﬂl%ﬁvt@fﬁuEOD

ﬁfmlaﬁhﬁﬁﬁé LT, 7 AT AERGRTH B ORI E oA}
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3. BRI : KEESHETILEOMEE TEAR] ~DHLEK
RRISFTDIA VT 47 KIREEZEETIVE TRIGHE] ELTHWMY—ILEER

KDD 2025 Ti, HASFELIESCHEEFEFR OB CHaq i Z Lz [HEEE7 L (Foundation
Model) | D& % J5 % . MABLEEZE T &\ o T2 KRS T ORI IS W DTS T 5 s, — KT
—v&igoTWe, L, 207 7 —F IR SFEET /L (Large Language Model, LLM)
EHRED TR —/L L LTHD &) iR b o Tt ZTOHEGREENZIEN LTI EE
RMEFEBLL S ETHHOTHY, FHi-ZeimntEEzin i,

9, RIS OU—2 29 7 “The 11th Mining and Learning from Time Series
Workshop: From Classical Methods to LIMs” CiZ. KE « FH Y 7 /=7 KFD Yan Liu #
212X Y “Frontiers of Foundation Models for Time Series” *ELUT-ZEMICEFEA L=, =

DFEETIL, KB SFET T V2RO X 5 el R80T — Z B 3 2 BROIRAH) 72 if 8
DR SV, KBS FEET VIS EOBROILS (B : i) & [146) 2B 25 01345
BN, BiEors () 1100.1) & 1100.2)) ## X 5DFHFTHDH, Fliz —ERT 7
T DL b Ly RROFEHIE L W o ol R e T — F ORISR Kb T LE D 72
Th s,

Z OMEIZKE L, G TR SRR IL, KEWRSEEET V2, BOHETL LAY —T
X7 < BRI RONTY — b (EEFET VR0 APT) ARUREICFFONE LT X A7 23T SE 5B
[FSEE] ELTHEYI N TV FAlZ—V = b7 I —FTholz, TOEXHIF. 4
B OEERINSHTICBIT 5 KB EFEE T L ORE L2 HERET LD TH Y, EFHITRBITE A
Tz,

IHIZ,A%DOT7r T 47 L LT, ORMETEERRT =2 DRE, @THIFTREZR TREF
ETRIARREZR T AR OB, £ L COHRLMEZE R TR OBEfEl V) 3D2DKE
R R ST,

W - XELGEDEHHZEMY 2FAFE THRIE TR Al OFEMNRE L

SEEICBEI L TR, EE - =T 4 T RFEOWZEE L. “Pre-training Time Series
Models with Stock Data Customization” (Wang et al., 2025)@‘#‘“@5&{@?’@ Al OFT-70%
BHhHkERR LT,

PERD AL X, BEOMEET —Z DO — 0 R SOIEET D, RMRE OEE<C, $4iH
- k@fﬁ%ﬁ%@ MEME] £ TR N TR o7, FFIZ, m%@%%ﬁ@%m%fmi%m
EIZ L > TEENAMBEEOM 727 21, THETVEMET S ECTRBI SN B
E Y oY

2 TCZOMETIR, AL IR PRI ORI, £7 3 20=2=—27 [FHFivE) %
Fhtid 5, BERIIE, OEVEE X 07T 7721 % BT EOEOBMMIRDnE 4 TDH TEIN

DIR
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/%8 (Stock Code Classification) ], @ EDFHESFITIET D D0 E YT 5 2R S3¥E (Stock Sector
Classification) |, @7 —# O—Z & L CZ O O S 2 T3 1 2 kS o 11
(Moving Average Prediction). T& 5,

ZOFNEEE T T, AL IBHRER T L OREARSBEfEL, 7 — X OERITH D5 AREN 7R
RE =2 EBRLSBEN ZH AT T, ZOFEFIFEEER- AL, EEOREY I 21—
2 NZBWT, THEECEFD AL €7 V% ERIDZEVNT +—v U AZER L&V, T
AU, AT ICH R THIZ SEL7200 TR, T—F~ORWNRAENT 25225 THE] 20,
THREEZRESEL2HTHH L E2RB LTINS,

E&4 SHPOXRE. FHEEEZENFE LHETFE Al OfR

s days
| AN
- 1l l l (S1,e-aT 417 2 S12)
e Pre-processing ] o
6 it LM [ P = (SNe-AT+1 = SN 2)
HEPE I ‘l Hy [ ‘L 'L ‘i’ Price Data of N stocks on Day t
[ | [ Embedding Layer J A
:ijoz2- g Ll
R— * |'t "“tl | !q' i il i [ Feature Extractor }
HEX) —— “4 :
k\'\ ' 201301 201302 [ 1-layer Transformer ] Frozen pre-trained parameters.
N stocks l‘ »L d(
1 Tm /m'"":f‘f‘i L-laver Transfe - [ 1-layer Transformer J
" | [ “layet lransiormer ] Initialized with pre-tramned parameters
T T H— \ — | i‘ J’ l’ and fine-tuned for stock selection.
1 ft { : byl Prediction | [Classificstion | [ Classification y
| = LT el ) il | G e B
t it | e ° Head
{' |+ ‘ I h ' i. for stock selection
W ! Moving Average Prediction Average Clase Frics ‘L
Stock code: BOBE Stock Cods Classification (AAPL BOBE, ..) R: R; Stockselectionloss
Sector: Restavrants Stock Secter Class (Restaurants, Apparel, ) Prediction Loss L for fine-funing
]
N#5* Price Series Slices Ranking Loss L, ]' Ltsl,
. n . A : )
Data Preparation Stock Specialized Pre-training Stock Selection Fine-tuning

(HFT) Wang et al. (2025) L v 3|

REZ 1 —RERTEMTEORRERZFE

S BT, Liu B AR ROFRE E LT T R OBERICER B CIEmE 2 HEY #HA TS
DO, FE - EREARKFEOIEE 72 12 L D3 “CAMEF: Causal-Augmented Multi-Modality
Event-Driven Financial Forecasting” (Zhang et al., 2025b) T& 5,

BRI TIE T~ 7 mffFA N> b (RRD) AliGoBis (BR) 25123 Lo
RERDEETZD, HEROET L TIEZOBBRMAIREZ TN TR 5T,

Z AT, REESHEET ML) ot E v IalL—va 38509l
W27 7 —F 2B U, BIAIE, Th LREROFERN EEREIV BRVNEL 725 2
R EOEID = 2 — AR FE KPS EET M ER S D, £ LT, EBEOMEOKIG
LT, ElW=ma—ARE GO =2 — AR EE AT L) ET A EIEE5, A
KENICIZ, A D=2 — ZAFRFE L EEOTIGOEIE & OREMD, EOFED =2 —RFlFHL
OFEMEL Y bR 2D X ETAVEZFIFT 52 L T, A X0 b TGRSO M OARE 72
KRR AFESES, ZOREFEAT=ALL TF A - RINF—F 2@ LI~ LT

PIR
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FT—HANRT T —FICLY | MOREHET VB A DM O TRENEE ZZR LIz &9,
HES AFAlICEIRBO-1—RARRBZHEFX. ARBRESEE L-HMETR Al OBE

ime-Series Modality I Causal Contrastive Learning l— { Fusion, GPT2-Decoder and Output Layer

MSE

FFN

/ GELU -
f o ‘ = | Feed Forward Output
Time-Series
d"LLJJ mbedding Counterfactual Events, { E7}10, Observed Event BT  Post-Regressor Layer |
e nbeddng || cow anmite " wma | Post-Regressor Layer
& o aInm 1 Simitariy Similarity
= "
Time Series Data Aligned with MOMENT |~ Y FesaFowan |
Observed Event o 1urwa
extual Modality = L GPT2
I o [Feea o) Transtormer Decoder | x12 ’V
| RoBERTa e | OTD) '

([ FeedFonard | gserved Event - i
ir Embedding Triplet Loss Function Feature Fusion Layer
H o o (R et )
L | Observed Event Embedding p poTeY
oaoaD o D [ FecoFowan |
1 D Feed Forward
S Counterfactual Event ! oD
Generated Counterfactual Event Scripts ovserved (Ground vy i | Time-Series Embeciding 7 o iy (L]

{Ef 'F}:El ,,,,,,,,,,,,,,,,,,, o Observed Event Embedding Time-Series Embedding

(HFT) Zhang et al. (2025b) LV 5|H

4. EETEDAl . 22l - DFM - RIEEZUDIZHERT S0
AlT—C o FOEEMZRS THEX] : TrustAgent AR IEFHBHESFTD 3 DD

KDD 2025 Cl&, Al DISHBPR ORISR E L X DI~ E RN L, ZOMWEZT T E
FEPE] ZWDCHER T 200D REEO — D> el oTc, BETE, B TE 25 AL
(Trustworthy AI) | ZWNZHLRT 200 CTh D, R, &Rl B8, EEE W70 Tk, Al
D—2DHWr I A8, PRAIZRRRFF IR ISCIERNE . S BT M OMEBITERS LviaZaun, U
T, Al ZZRITIERT 2720 OBB E | EOXREMGE LTSI RE W D07
Do

FT. BENICEE LITET S Al =—Y x>~ O MEEME] CWIHFREEZEAL-LO
N, REOEET v 7% TH D Squirrel AT OBFZEH 72 I X @GNV —<A THD “A
Survey on Trustworthy LLM Agents: Threats and Countermeasures” (Yu et al., 2025) Tk
Do

Al ==V x> MM, ABO X S IR ELAZEY ICmka s L, API 72 E 0B B A B LT
HAY & 23, ZO#iX, Al ORE ZIREMICH X2 — 5T, ZORENPER S
BED U A7 HIFEUTHER L, 1ERD Al OZERIK TITIBWONRWNE W IFREERZ D Z LT
o,

Z O RIEICKT L, AP —_A 1L “TrustAgent” W5, Al 21— = hOEFEM S

T 2720272 THI ) Zirnd 5, ZOMHIKIT, K6 ITRESND LI, [EEMEORE
Z 3ODHRNOINARINREHNT Z L 2 Bfad, Thds, TE¥a—nE ) T 7 7'n

S BV a— M Modular) Al = —2 = 0 FEEL S SIS LTI A DT e —F 231, Al ORI,
BEL2E 5 (9EM Brain) ], @iz %z 5 (308 Memory) )., # L CHIUZ@ X 20T 2% THEE (Tool) ] 2fF
ET 5, — T, TOIMEBICIE, MDAl £ T=— =2 M (Agent—to-Agent) | DOXIFER, Fx AL D

PIR
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—F 0 T2 D3 O2DETH D,
E % 6 TrustAgent OHE

Technical , Modular = Internal Modules + External Modules
&) TrustAgent :
9. 2 | (@ N @ O\ # )
* A survey on Trustwaorthy large language model agent P ——y 3 \ {
Injection & Backdoor | Memory in Retrieval LLM as Brain Tool i
Safety Privacy ! | hemony in metmen | booo ot e ._.__ff'_f:_-‘:_l‘ffe.";".-.-.
e || .
2 Unsafe Action Chain 2. Agent Profile Leakage VL5 T Refrieve &= &GoT&GoTSC... || | W= Retun = <
- - = Tool: Tool Manipulation !
3 Role Imypersonation 3- Dialogue Callection ] ' Warking & Short-tem Modality: Text & Vision Calculator & Robot Arm
4 Pecursive Self-harm 4. Whersabouts Exposure : & Speech & Mixed
e e ot gpe e || | —
i an
6 L i | [patabase & Embedding & .. l‘g*?e’re"f”""'i‘“""'s‘*g‘”'] Search Engine & ...
Truthful Fai | : i ) @ @ 2
[ Trutbfulness ¥ dimess ) | T gmessnenia | | |\ BB ) (€ Ny y @ra@it=)
1 Hallucmation Collusion 1. Respurce Monopolization Filter & Multi-agent Shield H

2 Gossip Spread 2 Role Discrimination e i ey T r——
3 Fake News 3. Callaborative Exclusion mﬁmm&oupummmon 0 h - 11 ® a .
. &3
Disease Misdiagnosis 4 RacistSpeach i u
+ = -Agent-to-Agent: Topological H CAFML  ChatDev AmtoGen MetaGPT AntoGPT  Ofhers

5 Financial Frand 5. Celsbrity Worship Defimse & Cooperative Defense

o 6 : =
EF s’“ Other Modules: Undeveloped : g \ ./ % \ / g&; \\'
( _l_]‘_']_"]s_“_“fsf ) r’—\\ ' Agent-to-Agent Agent-to-User Agent-to-Environment
— EEE L e
oo o || || B B R | | Lmtmmmian ) @y g
— mowmaer ||| @0 | | Lo ) || P,
4 Interaction Fragility Tool:putase Tsing E l&; ‘x:;ﬁ, = A= Bhysical World |
—— i | & o | Qe ®)

..... Memory: Attack Success Rate =
. ) | —— ;
- : HEEDGED | |

oottt bt | | \ epen/ \#BUBE)

| Multi-dimensional |

() Yu et al. (2025) &V 5IH

Z D TrustAgent 7 L —AU—7 X Al =— = hOEHENEE W) BERART —~ 2 &I
M 570D N7 BE Y — D, Al W0 77 LD ARKIZAIT T, 20 F
FEH OLBEZONICERE L, BRAEL T RED, R —_A X, DD OGN & ek %
RLTE, RBIZEDL LD ThoT,

Al 12X SR EMRLEE Al WEAD ZERHE

WIZ . Google DY 7 v =7 V=7 T 5 Vijay Eranti K|Z L 5 “Al Safety in Finance”
T, &S BFICBIT D Al OREMERT —~Th o7, BAES T, KEOTA N—FF
U7 4D CrowdStrike D LAR— F&2HEIZ, AT ZFH LY —vy vz V=7 ) o JIRE
2N 2024 =D EHHAD S TLEHNCNT T 5. 42 517 o 72 ik _7=, &5, FHETIEE 72 2,500

[ ——R] (Agent—to-User)| DOVELY , F L CTHHIERSLCT X NVER & Vo Tz Ffm (Agent—to—
Environment) | & DD R3HD, ZOXIITEEE DT LI LT, VAT LD EZIEHEREATHD
D) EMICFET D ENRFREE 2 5,

S Bty 7 m —F (Technical) : HEY 2 —/ /W ) A7 & [H#8 (Al 28R L THESITREZ RIS E
D, REMWEEEZ IR S0 32 BENZ2F0) ] (B (BN VAT AESFH 72D O | T
(AT S ENUF L2 E FBIZHIET 2 72O OIHECRERTIE) | &0 5 B BEIROBEN S 00T 57
Ta—FEfHE7T,

T It Multi-dimensional) : ME#EME) &V IR E LIEEE . BARNAREROKRITTIZEID 53557 7
o—F &7, B, [Zatk Safety) | 177 A4 30— (Privacy) |, [EFME (Truthfulness) ], [V
(Fairness) ], ERZEME (Robustness) | 7R ENZTNIZHT- D, \_ﬂ“b X0, Al=—Y = MIROLNDEFE

PONFEEZ, L AP OLAMNICER L, #md 52 ENARRICR S,

PIR
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HRAVDT 4 =77 = A V7RO L 912, Al OZEVEMRITHIT0@RE Trie < BEIERE
(existential)] 272> T\ A ¥ AL LT,

ZOBRICK L, BRKIZESMOEICBIT 5 Al 0% Z2 X 2 5 35D (Three Pillars).
Tpbb 20 =H0 AL IER ] TAT B85 OB [EEH 5 AL B OS] 2428 LT,
IF T, 209 BRETHMICHI SNIBRO 2 SOIZ OV TRERT %,

#1OR: (2220720 ATTER (Leveraging AT FOR Safety) | 1%, Al 2% @& L TOLHEE
25D TIHRL, BEMZED D OO Y —/v & U CHEBACIE AT 5872, B
ELT, AV ROWRF AT L (UP1) IZBT 2 RERMOEFINDFEI STz, (ER OB
ERHAARAEZHE L, HEONEHE LW — 2 %2 KB SEEE TV (Gemini) NEEMFE DO X 51T
LEa—F25 470y RERZHEMA L, 2k b, Al 7 VEERICER ST~
sy —4ty M LT, 93.33% & W) EmWARIESGFREZER LT, I 51T AL 28
AR LTCFEIR DN B DL 2 B D 9 B 2% B AMO L E a7 =R L TW i LWIERER S
DT -7~ (Dahiphale et al., 2024),

B2 O TAL NS OBAE (Defending AGAINST Al Attacks) ] Tl @A AL fufz
A7 2 (Defense in depth Al Immune system) ] &9 BEAEFHFAIILZ, T, H—DFS
BBEZHE D DO TR  EEOMAZ ERD 7 Ve —F 72, BEMIciE, 77 hesgs
BHTAIAN TSV r—2a 77 AT 43—, ==V hOITE D —2%2 XU T
ARV — L BETHaL TV AFaT o=V bR UT A BTSN, &I
BLRIRON O, BIHET VO BEREZ Al ITEED LW %I TH D, B2, Google D
MLE-STAR (Nam et al., 2025)1%, ¥ A7 NEFELT—H ¥y N b2 57200 C, 5HHEl, Jii#, 73
v 7 & THEABMIATD, RIRE D T 00T AEERT D RO EE =T
VT e =V NTHY, RNTFv—7 THBEENDTZE VD,

E% 7 MLE-STAR DH#IE

% Task Description Input
>
l_?m !E —] Dataset

Machine Learning Tasks MLE Agent Solution Script
(HAT) Nam et al. (2025) X v B|H

“) Planning
-~ -
—» B4 Training Output

~ E Debugging

ZOXoIC, AT ICHLTLEMERmDLZD0 7] L LTERT 2 L RIS, ZEN72REE
WEREBETHRIE AT LE NS [JH] TEBIEZ D, ZOXBGF—IRKOT 7 a—Fi%, Al O
BEICKTT 5 (T2 F ) % Al BEREECHBET 2 RKEZ L L TR, ozl
% Al OREVEEHERT 2 L TR A D,
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KRBEEZETILOERZEMY—IILTHTE L. ERURFIDIESF % HER

S HIT, KEBLEFEE T VOISR, &0 B 225w BE 3 KD B 5 @i il O Sl & M A
TWa, BE - ENBUERZOWNREET-HIZ XL D533 “A Hybrid Framework for Financial
Regulatory Compliance: Integrating LLMs and SMT Solvers for Automated Legal Analysis
(Hsia and Yu, 2025)7 I, € OPHARALD DT,

ST O L O 7R scE L, MR THRERDSEE LW 2T Tl <L BB R ERE S EER &
%, KRB EEET VITEECEOEMER =2 7 v A ZHRL DITBE N, FORENH
CRRERAIZIE LW E W D RFEIT 2V, ZAUE, @Rt K 9 22 KRB FF S U722 ORI T iy
RRIRETRVED,

ZOWMRMRET 201X, KBWRSETT VE NERO=a 7 U ANRGND 0, GEOBNH WA
Fl. T LU THMEREEOT D, FERLS KD SEOBEZ NS D ) E I HE S 5 SMT VL
R (SR FTREPERIRE Y L ox—) % TRLEIIFIDS 20D, FRERAIC SEBE 7R R T T V) ITRAT T,
WEEZHEBSED A TV » RRHEATH D,

BE8 KB|EEWMETINESM VILA—GEL. SERHEEROS R ) E20ET SEHHA

Compliance database

© = e

User submit a query LLM rewrite and Retrieve relevant compliance and code Evaluate Compliance Provide SMT-hased
decomposition question via SMT Solver Compliance Suggestion

This section represents a fully
automated pipeline that
Maodel Solving template executes ONCE Per USEr quUEry.

e %‘;“[J-
1
Provide SMT-based Provide SMT-based Evaluate Compliance via Boundary seltin User Choose a variabk

Compliance Suggestion Compliance Suggestion SMT Solver
Based on COIl Based on Boundary setting Based on Boundary setting

This section supports
interactive exploration until a
satisfactory solution is found.

Law article database

2 = G =

Generate SMT Code to Adjust the Evaluate Compliance Retricve relevant law articles LLM rewrite and Cone of Influence
Selected Variable for Compliance via SMT Solver decomposition variable
Based on col

7

(HH7T) Hsia and Yu (2025) L v 5|4

FT EFEROKRBESTEET AN, HLWVIEEORIRSHEOBURE AR E | SFH &L
—NVETRCYRARNT v T5, RIZ, DY A MERXT T UHOEMY —L (SUT YV L/3—
723) W2, 2OV — L, VAR v T ENTN—NVETXTEFND FIERH L0 ETF =
735, b LIV VERB RO T2 GG, MPRRENEZZE D, COREREELEIER

TUTEERZDIRBICRN D 2, e bR REERZREL TIND,

o7 Fa—FiE, KEWSEET VOZRe TEWIMFERES) ) & SMT //I//\—@%I%El’ﬁcﬁ
GREAIHERRE T LW o MEDORMEZHMAGDETRR TH D, T, KB SEE
Nt DRME T AT DT AIA T ETRES TR, WISamERR) — BV A e L. F
FVEZ RS 208V ) MR ZRFREICH T 5, — 207 T u—F 2R L,
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EHEAl DER - NG EICEANATREHAYHIEEREIL—LT—S

VAT Sy T, Oracle Health ([ZFTJ&T D584 Td % Krishnaram Kenthapadi FiZ &
% “Trustworthy Health AT: Challenges & Lessons Learned” CREL7-RELZHENT D, ZD
HETE, BETIA NERNTIEORA T ALERAT VAR A T2 EIFT 21?2 EWIHE
WAL IZB T DRPER 2RI RIT 0T bivTe,

ZOMWIIEZ D20, FIKHILEF L 2553 (Oxendine et al., 2025) Tlx, AL 28
AR B ERIRFLER (SOAP Note) IR LA B 5V T 70 DEE T L— LT — 7 ZHE LT,
T OFEZ, ETEAE BEOTLOXEERLERIIT L, MR (AT LA X A TR ERDFEE) |
AHE (R gR) . Fhn (A FBEE) LW oK BRI ED AT VA X A TR kA &
BIFICATINT %, £ LT, 2D ORI Z BT 2Rkt Ghacsk s 21T, AL ICRFRCER %
RS, BEORMEELEZTGEICRERN E D BT 202 i1 5,

H&9 EBRAONATFREZEETHHEH

Exaggerating Symptoms | Zero-shot/ In-Context SOAP-Note generation
Cognitive impairment Y '_A:':Afs?‘
Toxicity = -
.. : .'E's'@‘ "”.J! :
Zero-shot prompting to add P — | |
What brings you hera sl ety e
& Di¥iga e : today? Anything of !
m‘wi substanceor... = BEEEEEEES 00 ST x
8 Counter- :
| got this swellingin my ... | got this swellingin my ... 8\ factual Evaluation
DI —— % = =% substitu Metrics |
wee il tions 1
7’_ We'llreviewyour il N \_ s
S o 5 BESE
bloodwork seem anxious abo ... Patient’s Performance
Doctor Patient Conversations Doctor Patient Conversations REcE/Rge/Cilder SRgHRtcs

w/ stereotypical remark

(HAr) Oxendine et al. (2025) X v 5|H

ZOREF., Al OFLRICBE 2R R SN, FlxiX, <R UE~NEZ o ey ofiEtks
FFo 56 i BE TH, &M (Anna) OEEIL TRFIIELELS X2BE S, ZL3E b
E Vo T IERR R T AhbIcEER SN0 Ly Bt (James) DA BB O Mk
EDFER SN2 &) BARMZR ERALE DS TR S5 70 & PERINZ K o T AL Oxbis 2Bl
Hipol=20TH D,

ZOFERIT. Al BNFEEF— 2 It MEEHRORA] ZEARICHIE S, Z2E018E T8
DFRNTKEFEL £ D OWTIZERDOEF D b DITHEELE KT LR VEREZRZER Y I
L7, ABFRIZ. Al ZERBRIGICEAT S EC, HA LM T, 29 LAY
DEBERVVNICEETHADZREITLHHTH -7,

INHDEy v a &R U T AL OIEFEMEMRDS . B2 2 BN 72 BiER ORI £ 577,

ZDISHTEEADO Y A7 70 82 TR HAF L, A2 liiEdl & S S &0 kR 22 Y
MATHDZ Lzt RS E LT,

PIR
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5. BhHYIc

KDD 2025 TlZ, Al BHFEORATRNHTZ /2B E~BIT L2255 Z L IR LT\, £
ORI, AR AT OIRF L B2 mEIC A, L0 SECTEEEOE WY AT AR+ 5
72O 7 —x%7 7 F¥iRel) ~LEAPB>TWHRIZHD,

Bl Z X, AR TN LB or=— Y = M, IAT U A R K5tk = v=7L0n
IEHOHEM T~V = FOBBHIC L > TR > THEY . HEO KB SFEE T /L CldaE
TERVHOKERNZEI L TV, BERIK——Y 2 by, MAEIEIEASEE V-
FEBORNERTZ LT, KEESEET VO HBARERENE 7 7 4 F o AHGH OB/
PEfE A D 1~ L3N TNz,

RERFIIHT D53 EF Tld, ZOMILS DICBHE Th o7, KBWESIETT V& B0 THY
e LTS Z 0L INfER SN, e LAEMY — A2V 2 g TRaE ) & L
TORENEHTHD E VIS T ABROAIFAICRBIT 2EEREH D259, 2L,
SO HEME) 2B AR TFE TRE) OBRRICHLEBL D, BIZT—2 2B ATHDTIX
72 RAAL VGRS IE S W= 72 2 2 7 OFRGHZ M, Al OBEOFEN #3 & HT#T
BHb,

ZLT, 207 —%7 7 F vyxFtoBIL, MEHEHTE % AL OFEFITB W TIRIER & 2
B4, AR THEA L “TrustAgent” 7L —AU—27 (%, Al =—2 = M2 UAMN « 3008 - &
HEWoTERBE Y 2 — LR L, EDOETIEZ BRI T T 5720 D [RRGEHR) 20
DThDH, ZDOXDRRFEAT, KEESETT L OMBATERE SMT VL —THiZET D
PEAZAIZHBE L TR, WIN b REBSHEET VeV mAERkEI b= v
T, KB ZAT ARG E U THAIAT T D O FHR ML & 720,

ARERNRERS R Z GRS AR T 5 2 L2 <, RENRIEITEZ B> TRHESFE
TTIVERMHEE LRI D & TidZAe, KDD 2025 TRENTLZ L IIZ, HITKRDHNDED
IE. KR SEFEET N E BGOSR EINERORMELZHE L, TN O 2B MArGbEs 2 L
THESREELET [7—F727 b L LTORETH S, BABEIZBWNTH, ZO#HE
AN EEAD W T RIS A 22 N A E & HARkEE ) OMEN BB TH A 9,

Uk
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