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Background

¢ LLMs are able to show remarkable performance across various tasks
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Background

*» Comprehensively evaluating LLMs becomes a huge challenge
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Motivation

* Existing evaluation overlooks the uncertainty of LLMs

J LLMs should be aware of what they are unsure about
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Method | Overview

¢ Incorporating uncertainty quantification into the evaluation process

® QA  (Question Answering)

® RC (Reading Comprehension)

® Cl (Commonsense Inference)
DRS (Dialogue Response Selection)

® DS  (Document Summarization)

(a) Task data preparation
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(b) Prompt LLMs to obtain predicted probabilities

of options for all data points
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(c) Generate prediction sets on test data
based on conformal prediction



Method | Data Preparation

“* We consider five typical NLP tasks, each with 10,000 instances

Question Reading Dialogue Document
Answering (QA) Comprehension Response Summarization
(RC) Selection (DRS) (DS)
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Method | Data Preparation

“* We formulate each task as a multiple-choice question answering task
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Method | Prompting Strategies

% We adopt three prompting methods to reduce the influence of LLMSs’
sensitivity to different prompts

Base Prompt

Shared Instruction Prompt Few Shot

Task-specific Instruction
Prompt




Method | Uncertainty Quantification

“* What kind of uncertainty quantification methods are friendly to LLMs?

Ease of implementation High efficiency High Interpretability

Data distribution-free Model-agnostic No model modifications

A statistically rigorous estimation of uncertainty
rather than a heuristic approximation

Take accuracy into account



Method | Uncertainty Quantification

¢ Conformal prediction for uncertainty quantification

T 3 . 4 .'..?v’ < - ‘. L0 O N N~
4 : : W 2 = ,_7 o Q) 2z ) N S
‘;.. Z ‘./ —‘. P <~ - ‘ » i . ; : - - v. - " . -
; \ = PR . 2 \
i . e, S AN ¥l
v R, ‘v N J d-Squirrel (Alaska Copyright 1998 - Moni
f OX fox gray rain fox
' : bucket, marmot, gquirrel, mink, weasel, beaver, polecat
{ Squlrrel SqlélSI;rel, goo};' 0.02 parrel 0.30 SIS 0l1s o6 | 003 0.0
0.99 ’ ’

p(thest S C(Xtest)) > 11—«



Method | Uncertainty Quantification

¢ Conformal prediction for uncertainty quantification

|l
. ‘ Smin " Smax #

Conformal scores {sj}

Ground-truth
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Step 1: Compute uncertainty Step 2: Compute the threshold Step 3: Construct prediction
scores on calibration data sets for test instances
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Benchmarking Results

¢ Higher accuracy does not necessarily indicate lower uncertainty
U For each task, Acc and SS lead to different rankings of LLMs

Accuracy Uncertainty

LLMs Acc (%) T SS |

QA RC CI DRS DS Avg. QA RC CI DRS DS Avg.
Qwen-14B
Yi-6B 57.57w
Gemma-7B
Mistral-7B 62.93) 2.48)
Llama-2-13B | 52.52¢) 77.23.  59.66¢) 3.060p 2240 @ 2.726
Qwen-7B 55215  83.89w  63.704 32.530 | 59.87@ | 3.26m = 2155 2.28a 2926 | 2.636
InternLM-7B 48.377  73.8600 4621w  43.72a0 34.38s | 4931a | 3.49¢9 2196 3.280 3.6300 44701y | 3419
Llama-2-7B 45.609)  65.79s  43.05s) 32.619) 45.60s | 46.53s | 3.2050 2398y 3.27s  3.260 3.30s | 3.090
DeepSeek-7B | 45.65s)  65.39¢  42.660) 33.50s) 42.15¢) | 45879 | 3.34s 2779  3.067 3.40s 3.086 | 3.13s
MPT-7B 2949000 31.69000 25.50000 24.38a1  24.86a0) | 27.18a0) | 3.53000 3.46000 3.6000) 3.599  3.660) | 3.57q0
Falcon-7B 23.75an  24.98an  2491an  25.86a0) 24.69an | 24.84an | 3.90an  3.60an  3.66an  3.64an  3.92a0 | 3.75ayp
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Benchmarking Results

¢+ Effects of model scale

O Larger-scale LLMs may display greater uncertainty compared to smaller counterparts

—— Qwen-72B —— Qwen-14B —— Qwen-7B —— Qwen-1.8B
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Benchmarking Results

¢ Effects of instruction finetuning

O Instruction-finetuning tends to increase the uncertainty of LLMs
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Open Source

Benchmarking LLMs via Uncertainty Quantification

Task Question Answering | Task Reading Comprehension | Task Commonsense Inference § Task Dialogue Response Selection
Task Document Summarization
Model 'Llama-2 § Model 'Mistral § Model Falcon § Model TMPT §| Model Yi § Model Qwen | Model DeepSeek § Model 'InternLM

&= Paper, @ Datasets

https://github.com/smartyfth/LL M-Uncertainty-Bench
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https://github.com/smartyfh/LLM-Uncertainty-Bench
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