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CASE Framework

Ablation & Robustness

Multi-sample UQ methods commonly use a fixed @ scrmantic-Level Uncertainty Ablation of CASE Components
Samp|lﬂg bUdget, |eadlﬂg tOI [(a) Responses] [(b)ContradictionGraphConstructionandSpectraIAnaIysis] [(c)AdaptiveSampIing] CASE Comb|nes adapt|ve Samphng and token_leve|
- Redundant sampling: easy queries may not my (e G . entropy. We remove each component to analyze its
d th -F || | b d t Query @ @ II: PCLZ PCEZ'IE.;E_’ Sparsification: #@_@ - v =@ AUk=|U§$gC_U§I;e_C1)| : :
nee € Tull sampling budget. x| Y | - D Ay | SRersEen R contributions.
. . _ ampling - " N max B
. Consistent errors: semantically consistent but b i P P or-m| o o - AUk < O
. . . . @ ! : h—’ < - \ / —_ US,)BC = % (for T consecutive
incorrect generations can vyield spuriously low 4 = (@,03.05) 0 " metrzation] @ o teps?) Method ~ AUROC AUARC Samp.
. 1 1 H . S
. p . | * I > > No YeS
Generate next T I @—@ .
uncertainty. [ e o aafa | | TR, w/o Adaptive 8239 7430  10.0
@ T I PE .PE I @ UsPec K-1 (K)
Ak = {aq,a ag} :\ LI§ K’l,: @ USPeC = Uspec
. | e @ )\ ) w/o U 78.55 09.602 0.60
’ Key InSIght EQ Generatenewresponse’: / el
Sampling should stop when semantic uncertainty (@ Token-Level Uncertainty ) (@ Token-semantic Fusion ‘ CASE 81.54 73.68 6.66
stabilizes, while a complementary token-level sig- LLM - (Semantic Uncertainty ) @)
. . Query M esg)’(:nse > T kAveEa?e » U, L Uspec )\ ‘ lA Final Score . . .
nal is needed to detect consistent errors. - (Low-Temp) oxen FToRy ST ? Ucass Token-level Entropy Mitigates Consis-
G — Fusion tent Errors
. . k: current sample size P, : contradiction probability W' sparsified directed contradiction matrix @h—( : sparsified contradiction graph - -
X E
Previduis Senteniiciotrohy K: final sample size Py : entailment probability H: symmetrized mutual contradiction matrix  ||H||,: the spectral norm of matrix H When Sampled reSpOnSQS are Semantlca”y COﬂSIStent,
| ‘Semantic Clustering | | | | | spectral uncertainty alone struggles to identify incor-
2 \\ ,’_"\\ . . |
@ Who wrote @ e s llI Overview of the CASE framework. The proposed architecture operates through three main N N Token.l ent d
Tf;:::l Bl RS > e 0 \ .’/, [~ Wioeanaidry components: (1) Semantic-Level Uncertainty; (2) Token-Level Uncertainty ; and (3) rect geherations. O h- _eve CNLropy provides a com-
(Fixed) sas Token-Semantic Fusion. plementary uncertainty signal.

_____________________________ S A = P I e A i T 'S 0 e e o B S i : il i (a) HotpotQA - 0.201 (b) NQ -

" Consistent Errors " Consistent Errors
Ours: CASE 1 o 0.3 Consistent Correct S 015 Consistent Correct
) . (.% & ) - o~
Token-Level Uncertainty . . = s
Who wrote .II c o : ° £ 0.101 ®
@ the novel —» > _‘ b —> ..(_E ..g 4
“1984”? LLM Sampling | | -/ Uncertainty Q 0.11 Q 08 Y 0.051
(Adaptive) Structural Token-Level S : : : , = o® c
~ | (Contradiction)  (Entropy) Semantic signals can collapse when all sampled responses agree, including cases of = E =
\ > 0.0 ==»—e=D 0.00! == ©

consistent errors. CASE therefore generates one low-temperature base response y*

U_slpec CASE U_slpec CASE
: Only Only
Comparison of UQ paradigms. Existing semantic-level and computes average token entropy: 0.4- (c) POpQA - (d) TriviaQA -
" ' Consistent Errors " 0.5; Consistent Errors
approaches (top). In contrast, CASE (bottom). { T S 03 Consistent Correct 5 0.4 Consistent Correct
O O O '
_ N\ * * 2 C 2 s
Uan(x) = _Z>4 >4 P | z,ys,)log P(v | x,y%,). - .’I 2 03 .
_ 8 8 S 0.2-
| | t=1 vey E 01. od® ® § &8 ) %
The final score is £ gf-% £ 0.1- £§© e
. . L 0.0 aEe—a=» 0.0 a==—ea=D
Sema Nntic- Level Uncertalnty UCASE(ZE) — Uspec(x) =+ CVUven(Qj)- ' ' ' '
U spec CASE U spec CASE

Only Only
Given Samp|ed responses Ak’ — {ab Ce. a,k}1 CASE Token-level entropy improves discrimination between
constructs a contradiction graph using an NLI Experimental Setup correct answers and consistent errors.
model.
1 Sparsify: Datasets: NQ, TriviaQA, HotpotQA, PopQA. Fusion Coefficient Sensitivity
B LMs: LLaMA-3-8B-Instruct, Qwen3-8B. Qwen3-14B. CASE remains robust across different fusion coeffi-
W;; = max(0, Po(ai, aj) — Prla;, aj)) . _ _ | |
_ Baselines: PPL, P(true), Entropy, SE, KLE, SNNE. cients «v. Introducing token entropy improves uncer-
2. Symmetrize: Metrics: AUROC, AUARC. tainty estimation and stabilizes performance.
(k) \/V[/Z-]-Wji, L 7, Adaptive sampling: K, =2, K,.x. =10, ¢=0.01, 7 =2
H;" = T —e—PopQA —#—HotpotQA —4—NQ —4— TriviaQA
0, 1= 7.
3. Measure global contradiction: ———o ———o
82 1
(k) : —_ 4 ~ 7501
k) — |H™ || Uk e 0,1 Main Results S 8= S A
spec L _ 1" spec 4l —~ ——h—h—a — 72.5- *—o—0—o
@) O — ]
O 801 x,
_ o < 70.0 -
> |nterpretatlon —— PopQA HotpotQA NQ TriviaQA :<DL‘ E)E
| 5 rger UspeC indicates stron ger global semantic AUROCft AUARC# Samp.] AUROC{ AUARC{ Samp.| AUROC{ AUARC{ Samp.) AUROC# AUARC{ Samp.l 78 - 67.51
contradiction among sampled responses B e s ' 6.0
- PPL 7481 67.68 - 73.50 67.58 - 70.91 55.32 - 1780 51.66 - 0 0.2 04 06 0.8 1 0 0.2 04 06 0.8 1
Pitrue) 78.51 71.41 ; 63.43 59.64 : 78.16 60.36 : 79.82 51.81 : Coefficient a Coefficient o
Entropy 78.29 71.76 - 76.12 T0.55 - 72.92 77.86 - 80.36 86.08 -
SE 7132 69.43 10.0 75.58 70.25 10.0 71.42 76.66 10.0 81.06 83.60 10.0 AUROC and AUARC under different fusion coefficients
KLE 8230 7235 100 7861  7L05 100 7977 7997 100 8496 8748 100 |
SNNE 68.12 65.68 10.0 71.10 67.06 10.0 72.05 76.50 10.0 75.58 83.37 10.0

CASE (ours) 83.21 73.94 7.50 51.34 7345 6.57 80.74 B1.42 6.69 B5.28 88.03 6.40

: : . ' Adaptive Sampling Trade-off
Adaptive Sampling Quen3-§B | |
PPL 7166  66.19 7612 70.56 7386 6520 7680  65.17 The stopping tolerance € and patience 7 control the

P(true) 6171  59.81 . 6725 6512 - 1232 6662 - 7546 6156 - i - - -
oot £ Lo t | ) Cos esia - mm st atammas el Do trade-off between uncertainty quality and sampling
arting 1rom ~ = 4, generate a New response only SE 7568 6937 100  79.01 6940 100 7686 7148 100 7956 7423 100 cost.
while the spectral uncertainty is still changing KLE 8035 7154 100 8108 6996 100 7961 7195 100 8052 7384 100
| SNNE 7576 6894 100 7201 6616 100 7240 6885 100 7527 7121 100 Avg. AUROC (%) Avg. Sample
substantially. CASE (ours) 8143 7215 727 8165 7149 657 80.63 7441 640 8245 7667 641 ;
S- 80.87 EEINEINEEIR2 516 3 522
Qwen3-14B o g14 ©
AU<k> _ U(k) . U(k—l) PPL 6565  63.74 . 7546  68.90 - 73.08  60.12 - 7552 56.31 - i 812 o °
spec spec | ° P(true) 66.67 64.84 - 7828 7049 . 76.18  61.31 - 8428  62.34 - IR DR 6123 8162 S- 3.46
(k) | Entropy 69.07  61.42 : 77.60 7147 : 7490 7597 : 7796 8160 ' 81.0 &
Stop when AUV < € for T consecutive steps. The SE 7024 6167 100 7837 6736 100 7284 7357 100 7830  B80.15 100 . sozs TR 808, .
£ o ainty s [ — (K) KLE 7616 6360 100 8099 7042 100 7676 7491 100 7936 7824 100 s % ' g0 S
iNal semantic uncertainty 1> Uspec = Uspec: SNNE 6886 6160 100  70.10 6517 100 7200 7423 100 7320 7806 100 ; ;
CASE (ours) 7700 6555 698 8239 7316 634 7937 7749 614 8165 8253 588 T T
> Why normalization matters Main results across four factual QA datasets. Performance—efficiency trade-off under different
The denominator k' — 1 provides a scale-invariant Compared with fixed-budget multi-sample baselines: configurations.
score that can be compared across different sam- -
|' P . CASE uses 5.88—7.50 samples per query, versus 10 for fixed-budget SE/KLE.
Ing stages. . .
PING Stag . This corresponds to approximately 25—40% fewer samples.




