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Hybrid Uncertainty Quantification for Selective Text Classification in Ambiguous Tasks (Vazhentsev et al, 2023, ACL)

- Aleatoric Uncertainty: G|O|E 2| Ambiguity and Noise =& 2’4

» Epistemic Uncertainty: Lack of Knowledge = ‘2’4

« Total Uncertainty: Ur(x) = Uy(x) + Ug(x)




Quantifying Aleatoric Uncertainty & Epistemic Uncertainty

Hybrid Uncertainty Quantification for Selective Text Classification in Ambiguous Tasks (Vazhentsev et al, 2023, ACL)

* & 572 Uncertainty = CrE 422 SY5I= A0 2dtA

 Aleatoric Uncertainty

1. Entropy: —> ply=c|x)logp(y =c|x)
cel’
2. Softmax Response: 1 — mf}'{p(; =c | x)
cE

« Epistemic Uncertainty

Mahalanobis Distance : U%“D(X)=r§{1}{;l(h(x)—ﬁﬂfﬂ H(h(x) = pe)




Agentic RAG

Reasoning RAG via System 1 or System 2: A Survey on Reasoning Agentic Retrieval-Augmented Generation for Industry Challenges
(Liang et al, JCNLP Findings 2025)

. Standard RAG 2| $H7|

_ 1}

( ex: Multi hop Reasoning)

- Agentic RAG: M2 FZ1} Reasoning, Decision Making 2 2%

2E 27O X0 20 U0 & =& & ofLar 2EkE S8 55
T




Agentic RAG

Reasoning RAG via System 1 or System 2: A Survey on Reasoning Agentic Retrieval-Augmented Generation for Industry Challenges
(Liang et al, JCNLP Findings 2025)

* Predefined Reasoning

TxRSHE, A 7|8 A g, Tho|Zatolof 7|8Hsl0d Reasoning, FE, A A

« Agentic Reasoning




UALIGN: Leveraging Uncertainty Estimations for Factuality
Alignment on LLMS (xu et al, At 2025)

« Pre-training ZHFH 0 A St&St X|Alo| X|A HAE 2SS QT B

. Alignment 20| A AP A Msbdar X[ A AAE ESIA|7|X| 238}7| {2




| OfEf A1 T35

- EIEHZ K | Sampling (T=0.2 : <, Ct¥Ho| Z3h

- Known: Sampled answer & Z[2 ot 7{2t: HE

» Unknown: Sampled answers O] 25 Q& > ™HES Sorry, | don't knowz H%




Uncertainty Measures : X| & ZAAE Hekg}
1) Accuracy based Confidence : M &2 St= H|lg (&4 FE)

K
1 ,
c; = Conf(x;) = I E 1 (fh' — yi(*‘m])
k=1

2) Semantic Entropy: 20|82 2 FAISt 2% & (Cluster) 2| Entropy (IHZ! Hk)

(s|x;) = Z]l{y? “Ee}

e; = SE(a: _—Zm:m log p(s|:)
5




UAlign Training

1) Uncertainty Estimation Models (SFT)

[o] =
=

Question O Lot Accuracy based Confidence, Semantic Entropy G| 55t = <

2) Reward Model (SFT)

A2 MM B confidence, entropy & EH Yo =2 2o MEH 018 2€{0,1} € 0|Z (UEM EL)

I/

3) PPO

confidence, entropy £ Y2 kg I HH HHS = (Reward Model E8)



UAlign Training Objectives

1) Uncertainty Estimation Models (SFT) argmin Ly, argmin Ly,
L. = —E(mi‘cﬁ.)mp log pr(cil|x;)]
Minimize Cross Entropy Losses L= Bz, e~ log puleilzi)]
arg HEH Lo, Ly = _E(T'isyg(k}.Zg(k),ci‘ei)mp[ﬁﬂ(i)]

2) Reward Model (SFT)

Ly = —2, ) log py (Zi(k) i, ¢, €4 y-i(k) )

. oe ~ —(1 = ") log(1 — po (2P |a;. i, €.y, M)
Minimize binary cross-entropy loss (©)

3) PPO

arg Il}r?t-X E:BMD,CNT(:}:),f.mp.(;n),ymfrg (x,c,€) [7]
To

r=0(x,y,ce)—BKLmy(x, c, e)l|m(x)]
r1 ra

maximize reward function




Experimental Results

Method TVQA (ID) SciQ (ID) NQ-Open (ID) Avg, (ID) LSQA (00D)
Prec. Truth. T Prec.t Truth. T Prec.t Truth.t  Prec.t Truth. T Prec.t  Truth. 1
Llama-3-8B

ICL 7605 5655 7043 4430 5028 2001 6562 4032 7135 5298 . .

ICL-IDK 69.17 5410 6836 4300 4543 2072 6098 3927 6667 5024 . Eva | uation M etrics

ICL-CoT 66.68 5337 7234 4590 5134 2360 6545 4095 7396 4937
SFT 7080 5257 7218 4540 4141 1657 6146 388 68.09  46.63
Rluning 7293 53 7L MO0 481 181D 6404 3048 7LSE  SAIS

RL-PPO 76327 55097 T 7570 T 4580 T 5407 T 2419 T 6803 T 4172 T RIS T 48

RL-DPO 7208 5396 7123 4420 4965 1908 6432 3901 TL09 4888

o > o

RLKF 7025607 7236 4490 5486 2215 6811 4104 TA9S 5246 MeEr= Ok H |
m 7100 5397 7235 4380 4320 1713 6221 3830 6852 4699 PreCISIO N ocEE X =

UALIGN .04 5704 7644 4800 3660 2609 7072 4371 7956  55.88

(woConf) 7413 5445 7405 4500 5419 2360 6745 4101 7425 5206
(wioEntro) 7843 5769 7539 4750 5668 2756 7006 4425 7614 5443
Mistral-7B

ICL 7792 5504 6862 4220 5209 1795 6621 3843 7409 4771 .

ICL-IDK 7259 5137 6374 3920 SLI3 1767 6248 3620 7227 4132 Trut hfu I ness.

ICL-CoT 7673 5478 7187 4420 5447 1822 6769 3906 7924 5259
ST 457 T SATTT T 6585 T 4250 5082 T 1442 T 6374 T U308 T 6833 4400

R-Tuning 6770 5225 6444 4000 4633 1552 5949 3629 6467 4405 xX|IOo C
"RLPPO 19337 7S50 7035 T T U400 T U536 1919 T 68l T T304 T TAdY T 06T Known a&a—= |=||' ﬁ +

RL-DPO 7220 5298 6644 4180 5095 1642 6319 3706 6782 4377

RLKF 8043 5692 7066 4390 5209 1824 6772 3968 7419 4923
m 7465 5506 6690 4490 5112 1668 6422 3891 6173 4620

o o
UALIGN 8210 5905 7321 4670 5417 1964 7082 4179 7629 5289 Un kn own Jél —E— = 7-| IE‘I H | =

(w/o Conf.) 7644 5513 6984 4350 5030 1788 6552 3883 7315 47.06
(w/oEntro.) 80.18 5764 7290 4560 5221 1844 6843 4056 7534 50.15




Accuracy with Conf. and Entro.

Conf Entro 1D O0D Question Uncertainty Estimations Response
. " TVQA SciQ NQ-Open LSQA (a) ( The US. /I BEZ“%
Llama-3-8B | | \.é,:’i,,a;; o e
X X 8231 7900 6745 002 | Whicheouny o
v X 85.41 84.30 70.37 75.09 largest land area C"(';f‘ |'.| 0 e
X /o 8205 7790 6785  70.40 in the world m@ — ,,;,M x
v v 86.73  86.40 72.00 74.59
Mistral-7B (b) FTREUS) ;-_jcgg_ga_ggggp(
X X 8453 7730 6524 6831 | Sl e b
. M Which country LT LI
/ X 8680 7950 7210 7295 |k jeicheouny o o
X /8524 7460 6664 7122 agestlandares o o o a0 ' WetheUs,
/ / 88.06 79.80  75.14  73.61 ety s o |t |
= L M2 [ Reward Model 2| H2tk, EHo| H2teJF 4




Search-o1: Agentic Search-Enhanced Large Reasoning Models (i et al, EMNLP 2025)

« LRM 2 Long reasoning chain 22 S%&st M| E THAEZ ZIfA S Z
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Sea rCh _O 1 (Li et al, EMNLP 2025)

1. Agentic RAG Mechanism
Reasoning =% “Reasoning X|Z&" or "2 X|& F&" 2 AAR 2

Q|E XAl FZ: <|begin_search_query|> query <|end_search_query|>

7 . P(Rqa‘quqD):
P(Q§é211~ch ‘ Ia {q, R(?‘_l)) — Ty
| —1 P(RYL | R(f I q, D<1)
T3 p (O ) ) — .
Hf ! (qse“ch t ‘ Usearch, <t I, q, RY ) Reasoning Process
Ta
—1 P(a’t ‘ A<t, Ra Ia Q)w

|: Instruction, q: question, R: reasoning chain,
a: answer, g search: search query Answer Generation




Sea rCh _O 1 (Li et al, EMNLP 2025)

2. Knowledge refinement

2

AG E ==&l E & Reasoning Chain 0 2EM o2 £ Z0| &|&= 2HH
o .7_¥7E='5._F HEE =& (LRM) 3l0 Reasoning Chaln off Sg

T\
P (T((;;Z?Cb | R(Q;)’ qs(;;rch’ D(Z)) - H P (Tc(lzo)cs,t | r‘r{izo)cs,<t’ R(Qr)’ qs(s(zrch’ D(z))
t=1

search

P (Tglzal ‘ T((iio)cs’ R(<i]’ qs('zzmrch) - H P( (Z) s (Z) , Tc(lic?cs’ R(<i)’ q(Z) )




Experimental Results

\ GPQA (PhD-Level Science QA) Math Benchmarks LiveCodeBench Single-hop QA Multi-hop QA
ethod

Physics Chemistry Biology Overall MATH500 AMC23 AIME24 Easy Medium Hard Overall Method NQ TriviaQA  HotpotQA IWIKI MuSiQue  Bamboogle
Direct Reasoning (w/o Retrieval)
Quen25-32B S0 B3 26 455 58 515 B3 43 189 U3 23 EM FIEM FEM FEM FEM F EM Fl
Quend5Coder¥B 12 158 519 B8 T2 €5 00 65 162 12 B0 piret Reosoning (wio Retrevl
QuQ-328 Po B84 81 82 82 333 6l BT W4 W onnsap N8 B9 520 603 254 U] 298 363 84 180 496 632
Qwen2.5-72B S0 36 684 490 94 615 200 538 297 45 B0 QwQ32B BO B1 B 607 254 B3 U4 49 90 189 384 37
Llama33-70B 47 312 06 4 08 415 367 51T 34 U5 348
DepSeskRLLiel - - - %5 96 . 25 . . . 5o Queni5TB 276 412 568 658 292 388 344 427 114 204 412 617
GPTof 95 402 66 06 603 - 93 - - . 34 Llama33-70B 60 487 688 768 378 491 460 542 148 236 544 678
ol-preview! R I R . L N P p—rra—
Retrieval-augmented Reasoning RAG-Qwen25-32B 334 493 658 792 386 504 316 406 104 198 520 660
RAG-Qwen2.5-32B 570 376 526 415 826 725 300 6L5 243 82 259 RAG-QwQ-32B 26 444 656 716 M2 464 356 462 106 202 352 674
RAGQuQ32B 167 87 BT 586 848 85 00 917 162 D22 AL pacenQwen2$32B 324 478 630 726 46 68 554 697 130 254 544 664
RignQuenl$3B 81 33 @2 410 M5 60 N0 57 U3 61 ML paolomm 36 e @0 M0 B0 K2 B4 T2 136 55 00 67

RAgen-QwQ-32B 767 462 684 616 850 850 567 654 189 122 268

Retrieval-augmented Reasoning with Reason-in-Documents Retrieval-augmented Reasoning with Reason-in-Documents
Searchol (Ours) 719 413 789 636 864 850 567 577 34 204 39  Search-ol (Ours) MO0 497 634 741 452 513 B0 L4 166 282 560 67.8

Challenging Reasoning Tasks Open Domain QA Tasks




Towards Balancing Knowledge Gap & Noise in Agentic-RAG

« 7|& Agentic RAG 2| 2X|H

1) Context 7t S=OHA| B2 SEHOIAM HM BlO] AA= HO 1D SICF S|l BR7F Ba.

2) 7| E2| Agentic RAG £ Aleatoric Uncertainty (Ambiguity, Noise) & CHREXA| 23,

3) O] Step 2| &&E0| ZXE|E 0|2 Step FE0| &

0ot

I:% |:||7c|

.

> Step HZ State 2} Action 2| Goal2 2EHOZE H|Z




Uncertainty State - Action

A: Epistemic Uncertainty

EO: No relevant evidence - Search

E1: Partial evidence - Search

E2: Sufficient evidence

B: Aleatoric Uncertainty (== X%}

AO: Clean

A1: Ambiguous: Question 2| CH&f 1} CF& F ARG i 2F 2| Context

> Z 29| Entity0]| 7|tSt ContextE F7 A M, CHA|

A2: Inconsistent: Question 1 CHAF O] ZX| 0t Ef0| &2|l= 8%

> 22| Y=o & F8edt= Context ofLIEF &Y




Uncertainty Classifier : SFT ©7tx context)

A: Epistemic Classifier B: Aleatoric Classifier

EO: No relevant evidence (raitheval, ICLR 2025) AO: Clean

E1: Partial evidence (raitheval, ICLR 2025) A1: Ambiguous

E2: Sufficient evidence A2: Inconsistent (FaithEval, ICLR 2025)

> LLM 2 & Training Data2| Context HY £ &



Ambiguous, Inconsistent G| A| (search-or 2t 3)

A1. Ambiguous:

What was the Roud Folk Song Index of the nursery rhyme inspiring What Are Little Girls Made Of?

the nursery rhyme #"What Are Little Boys Made Of?W" is listed under the title W"What Are Little Boys Made
OfW" and is assigned Roud number 10245.

A2. Inconsistent:
The VMAQT-1 logo is a female spirit in Irish mythology who heralds the death of what?

In traditional mythology, they usually foretell the death of a specific person or members of a family.

Alternatively, perhaps the Banshee in this context symbolizes the death of the enemy or the end of threats,
given the military nature of the squadron.
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