
Final layer (32) shows inconsistent information quantities across prompt ambiguity 
over each dataset, while premature layer (6) shows relatively consistent patterns.
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Motivation: 
● Acknowledging uncertainty is safer than giving confident but false answers under 

limited information.
● Existing approaches focus mainly on final-layer outputs or confidence scores.
● Training large LLMs to detect hallucinations is costly and impractical for most 

real-world systems.

Research Contributions: 
1. A new, test-time metric to detect hallucinations (due to prompt ambiguity or 

question unanswerability) requiring no architectural changes or additional 
training.

2. LI effectively reflects model confidence under varying instruction ambiguity and 
task difficulty.

3. Tracking information flow across all layers gives better insight into internal 
model uncertainty than analyzing only the final layer.

1. Model (V) Usable Information (VI)

measures how much information a model V can use to 
predict outputs Y given inputs X. 

2. Layer-wise Usable Information (LI)

measures the change in entropy due to the presence of 
context at layer l, and LI(c → q) aggregates these 
contributions across all layers. 

Observation#1) Non-monotonic information flows (VI)  across layers.

Observation #2) LI is more comprehensive to show the prompt ambiguity 
and question unanswerablity than VI on case level. 

Observation #3) LI distributions show stronger 
signals of the prompt ambiguity than final layer VI.

LI Scores rise as prompts become clearer (no < open-ended < binary) as well as the 
prompt is easier (incorrect-unanswerable < correct-unanswerable < incorrect-answerable 
< correct-answerable) , while VI on final layer shows inconsistent patterns.

Observation #4) Robustness of AURA in low-resource and OoD Settings

Method: 

 LI distribution shifts clearly toward higher usable 
information with additional instruction prompts, while VI 
does not show clear separations. LI shows that the explicit 
prompts help stabilize information flow, while no-instruction 
prompts cause widespread uncertainty. 

Observation #5) LI distributions can detect 
unanswerable questions.

Performance of (un)answerability detection across datasets, 
comparing LI with other baselines. LI(10%), LI(20%), and LI(30%) 
shows the rejection rate based on low scores. 

Observation #6) LI is computationally cheap.

LI requires only two forward passes, one with and one without 
context. Because the second pass covers only the short question 
sequence, the cost increase (LI total) is negligible.


