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Motivation
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• Most existing LLM uncertainty quantification methods focus on uncertainty in model outputs.

• Input-induced uncertainty has received relatively less attention, and existing methods typically summarize it with a 
single scalar score, providing little guidance on what should be clarified.

• Our goal is to localize input-induced uncertainty to specific ambiguous spans, enabling actionable clarification.



Input Uncertainty Quantification in LLMs
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• The bayesian active learning paper proposed the decomposition of the predictive entropy into two parts.

• In black-box LLMs, sampling model parameters 𝚯 is generally infeasible. Recent input-centric UQ instead introduces a 
latent clarification variable 𝑪, representing plausible interpretations of the input.

• 𝐼(𝑌; 𝐶 ∣ 𝑥) : Uncertainty caused by input ambiguity
• 𝔼! 𝐻 𝑌 𝑥, 𝐶 : Uncertainty remaining after clarification.
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However, it provides only a global uncertainty score, without localizing its source in the input.



Ambiguous Span & Naïve Attribution
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• We denote the joint clarification as 𝐶 = (𝐶", … , 𝐶#)
• 𝐶\% means that joint clarification excluding the 𝑘-th span.



Ambiguous Span & Naïve Attribution
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𝑯 𝒀|𝒙 = 𝑰 𝒀; 𝑪|𝒙
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• We denote the joint clarification as 𝑪 = (𝑪𝟏, … , 𝑪𝒏)
• 𝑪\( means that joint clarification excluding the 𝒌-th span.

Problems
In our running example,

The man in the suit walked into the bank. Did he go there to make a deposit?

The man in the suit → Robber, Businessman
The bank → Riverbank, Financial bank

After clarifying “the man in the suit” as a robber
The robber walked into the bank. Did he go there to make a deposit?

⇒ “the bank” is implicitly constrained toward a financial bank.
⇒ Its LOO attribution becomes artificially small.

How can we measure each span’s attribution while accounting for their interactions?



Shapley Value : Accounting for interactions

6

• Shapley value measures each player’s attribution by averaging its marginal contribution over all possible 
coalition contexts.

𝜙D = 8
E⊆𝒩\{D}

𝐴 ! 𝑛 − 𝐴 − 1 !
𝑛! (𝑣 𝐴 ∪ {𝑘} − 𝑣 𝐴 )

• 𝐴 ⊆ 𝒩\{𝑘} : a coalition excluding player 𝒌

• 𝑣(A) : payoff of coalition 𝑨

• Shapley values satisfy four key axioms.
• Efficiency

8
K∈𝒩

𝜙K = 𝑣 𝒩 − 𝑣(∅)

whole payoff must be exactly divided.

• Other axioms: Symmetry, Dummy player, Additivity.



Shapley-based input uncertainty Quantification (ShaQ)
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Computation Goal
𝐼 𝑌; 𝐶D 𝑥, 𝐶E = 𝑣 𝐴 ∪ {𝑘} − 𝑣 𝐴
= 𝔼4! 𝐻 𝑌 𝑥, 𝑐E − 𝔼4!∪{$} 𝐻 𝑌 𝑥, 𝑐E∪{D}

Thus we need to compute 𝔼4![𝐻 𝑌 𝑥, 𝑐E ] for all coalition 𝐴 ⊆ 𝒩. 

Shapley-based input uncertainty Quantification (ShaQ)
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Shapley-based input uncertainty Quantification (ShaQ)



ShaQ : Bottom-Up Marginalization
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Why do we need this?
The naïve computation of 𝔼𝒄𝑨[𝑯 𝒀 𝒙, 𝒄𝑨 ] is separate calls of LLMs for each coalition 𝑨. But this 
doesn’t satisfy marginalization relation:

𝑝 𝑌 ∣ 𝑥, 𝑐E

Call 1

=8
4$

𝑞 𝑐D ∣ 𝑥 𝑝 𝑌 ∣ 𝑥, 𝑐E, 𝑐D

Call 2

Thus the 𝑰 𝒀; 𝑪𝒌 𝒙, 𝑪𝑨 = 𝒗 𝑨 ∪ 𝒌 − 𝒗(𝑨) can be assigned negative value.
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Shapley-based input uncertainty Quantification (ShaQ)



Experiments (Input Ambiguity Detection)
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• Ambiguity Detection: ShaQ consistently outperforms existing UQ baselines, 

demonstrating more reliable ambiguity quantification.



Experiments (Uncertainty-guided Clarification)
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The man in the suit walked into the bank. Did he 
go there to make a deposit?

Uncertainty:1.2 Uncertainty:0.9

“The bank” and “the man in the suit” are 
ambiguous, with uncertainty scores of 1.2 
and 0.9, respectively. Could you clarify them?

The man in the suit walked into the bank. Did he 
go there to make a deposit?

The robber in the suit walked into the bank of ~ . 
Did he go there to make a deposit?

Entropy Reduced! 
Score : 0.0

Clear! Clear!

Quantification Step

Clarification Request

Clarify Step

Entropy : 2.1

• Uncertainty-Guided Clarification: Span-level uncertainty guidance achieves the largest 
entropy reduction with the fewest edits, enabling more efficient clarification.



Experiments (Medical Dialogues)
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Clinical Example (Real-world medical dialogues): ShaQ localizes clinically meaningful ambiguity in patient utterances, 
enabling targeted doctor’s follow-up questions.



Summary
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• We introduce ShaQ, a novel framework that identifies and measures uncertainty arising from specific spans in an 
input via Shapley values.

• Experiments show that ShaQ detects ambiguous inputs more effectively than existing methods and helps users 
resolve ambiguity with fewer edits.

• We also demonstrate its potential in medical conversations, where identifying unclear symptom descriptions can 
support more effective communication.

• Overall, ShaQ offers a practical step toward making LLMs more transparent, reliable, and easier to interact with.



Future Works
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1. Lightweighting ShaQ via efficient Shapley value approximation

2. Simplifying the ShaQ pipeline while preserving its key theoretical properties



Thank you
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