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Uncertainty Quantification in Deep Learning

e We focus on classification case which is y € {0,1,--- ;K — 1}
and x € RY

p(y = k|x,0) = softmax(fy(x))x. (1)

e Using the estimated 0, a possible desired behavior of a model
would be to return a prediction while also indicating that the
point lies outside of the data distribution used to estimate 6.
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Uncertainty Quantification in Deep Learning
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[x1, X2, -+ ,x7_1] : In-context demonstrations containing both

questions and answers.

x7 : Test question without the task answer.

e y7 : Response to the test question x7.

z ~ p(z|x1.7) : Latent variable (concept).

0 : LLM parameters/configurations (e.g. temperature).

q(0) : The approximated posterior of the LLM's parameter 6.
o H(p) = — 1, plog px for p € RK.



Classify the sentiment of the text based on following categories:
[@: Sadness; 1: Joy, 2: Love; 3: Anger].

Example #1: I didn't feel humiliated
Label: 8 Sadness

Example #2: I'm feeling a bit burdened

Label: 8 Sadness 4
Example #3: I feel low energy

Label: @ Sadness —

Example #4: Dad will blow a fuse At b 4
Label: 3 Anger

Decoding Results Parameter Setting Prediction

Test: I have the feeling she was amused v
LLM Prediction: [2: Love]
Ground Truth: [1: Joy]l
(a) Inappropriate or insufficient few-shot (b) Various decoding strategies and parameter
demonstrations may cause uncertainty settings may cause uncertainty



System Prompt

### Below is an instruction that describes a task. Cleatly follow the instruction and write a short
response to answer it.

Task Description

#i# Instruction: Classify the sentiment in the following text based on the six categories:
[0: Sadness; 1: Joy, 2: Love; 3: Anger: 4: Fear, 5: Surprise]. Provide the information in a
structured format WITHOUT additional comments, I just want the numerical label for each text.

### Here are some examples:
Example 1: Sentence: {i didnt feel humiliated} Category: {0: Sadness|
Example 2: Sentence: {im grabbing a minute to post i feel greedy wrong} Category: {3: anger)

Demonstrations  Example 3: Senience: {i have the feeling she was amused and delighted} Category: {1: joy}
Example 4: Sentence: {i feel more superior dead chicken or grieving child} Category: {1 joy}
Example 5: Sentence: {i get giddy over feeling elegant in a pencil skirt} Category: {1: joy}
Test Query it Test

Sentence: |} Category:




Predictive Distribution

e Authors formulate the predictive distribution of in-context
learning (ICL) for predicting yr given few-shot examples
x1.7_1 and a test question x; as:

plyTlx.T) ~ /P()/T’67X1:T72)

p(zlx1.7)q(8)d0dz

()

e To obtain probability p(yr|0, x1.7, z), the authors use
White-box LLMs such as LLaMA/OPT.



Uncertainty-Decompose

e Total Uncertainty: H(p(yT|x1:7,6))

e Epistemic Uncertainty: E, [H(p(y7|x1.7, 2, 6))]
— Concept z7 DHE[NJYSM OZSEXE p(yr|x1.7,2,0)7F
ot Eef HAU=2[0f Chet ot

e Aleatoric Uncertainty:
I(yT,z|x1.7,0) =H(p(y7|x1.7,6))
—E; [H(p(yT|x1:7, 2,0))]
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How to approximate?

e To approximate the term H(p(yr|x1.T,0)),
E, [H(p(yT|x1:T,2,0))] , we need to sample z from p(z|x1.T).

e But the problem is that we don't know the p(z|x;.7). So
authors sample L many xi.7_1. Authors think that for each
sampled example X1(;/)T—17 I =1,---,L has corresponding

concept z'.
e Also, authors claim that they sample M many 6 from g(0)
(But | don't think it is sampling from the approximate

posterior). They said that they do this by beam search with
beam width = 10.



o Let py, (k) as follows

pmi(K) :zp(yT: k| x{{)T,z’,em), keo,...,K—1 (4)

e From this, we can obtain y,,; = argmax,pm (k) and
Py = maxipin ().

e Define pseudo probability matrix M:

M
My, = Z P! (Fm, = k). (5)

m=1



e Now, let p' = o(M ) and ptotal = U(E,LZIMJ).

e From this, author approximated each uncertainty as follows:

L
H(p(yT|x1:7,0)) = H(p"*') = H (U(Z M,/)) :

I=1

L
1 R 1
E, [H(p(yrbar, 2,0 ~ T S H(B) = 7 3 H(o(M,)).
=1
where, o : RK — RK
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Overall FrameWork

Love; 3: Anger].

Classify the sentiment of the text based on following categories:

[@: Sadness; 1: Joy, 2
Sentence xy: I have the feeling she was amused .

Decoded Sequences Answer Probability

Demonstration
Sampling
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'S 3
Based on the
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& : The correct II|II
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Answer Distribution

of Demonstration Set #1
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Decomposing Uncertainty for Large Language Models
through Input Clarification Ensembling (ICML 2024)
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Position: Uncertainty Quantification Needs Reassessment for
Large Language Model Agents (ICML 2025)

o LLME HEAQI aleatoric/epistemic uncertainty/| H'd4d, A

=20 1
SHAZE AL, M22 Sl 22EdS MY2ISHAL A,

e Underspecification Uncertainties
1. AMEAP7L Hest Mets 70| 5| YotM W7|=
=)
e Interactive Learning
EegE 29 4 9
e Output Uncertainties
1. LLMO| Gt& O 23512| ot
sizZta|=2), 20| £ 3
SiCh= YeFg Rl =29 A2 0|Zd2 conformal prediction
9| prediction setO|L} Bayesian credible interval@| At 0| 22

Hol2tn 2Fe 15

"R910] ZH 718917, 9f
37 ot

oy}



C-LoRA: Contextual Low-Rank Adaptation for Uncertainty
Estimation in LLMs (NeurlPS 2025)
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Uncertainty as Feature Gaps: Epistemic Uncertainty
Quantification of LLMs in Contextual Question-Answering
(ICLR 2026)
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Textual Bayes: Quantifying Uncertainty in LLM-Based
Systems (ICLR 2026)
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