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LLMs are being evaluated and benchmarked extensively



LLMs are being evaluated and benchmarked frequently



Evaluation is expensive
for benchmarking LLM

Give me a sample 5 day itinerary 
for a switzerland holiday

LLM 1

LLM 2

Response 1

Response 2

Human / LLM Judge

Response 
1

Response 
2

Response 1 is better

## 5-Day Switzerland 
Adventure: Mountains, 
Cities, and Chocolate! 

This itinerary focuses 
on experiencing the 
best of Switzerland, 
combining 
breathtaking scenery, 
charming cities, and 
cultural highlights…

I have been to 
Switzerland many 
times and I have never 
seen a single person 
who has…

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin et al. "Judging llm-as-a-judge with mt-bench and chatbot 
arena." Advances in Neural Information Processing Systems 36 (2024).



● Many non-performers in an extensive evaluation of models / prompts
● In many applications, we just want to know the best one

Can we find the best performing model with efficient 
evaluation?

Model / Prompt performance histogram



Intuition: how to achieve efficient evaluation?

● Goal: find the row with the highest average
● Where does the inefficiency come from?
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Method 2

Method 1

Method 3

Examples 1-5 

Intuitive illustration only, not theoretically sound
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Intuition: how to achieve efficient evaluation?

● Naive approach: evaluate every method-example pair
● Wasted many budget on method 3

1 1 1 1 0

1 1 1 0 0

0 0 0 1 0

Method 2

Method 1

Method 3

Examples 1-5 

Intuitive illustration only, not theoretically sound
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Intuition: how to achieve efficient evaluation?

● Alternative approach: evaluate a few pairs first, then decide what to 
evaluate next
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Intuition: how to achieve efficient evaluation?

● Alternative approach: evaluate a few pairs first, then decide what to 
evaluate next

● We save costs

1 1 1 1 0

1 1 1 0 0

0 0 0 ? ?

Method 2

Method 1

Method 3

Examples 1-5 

Intuitive illustration only, not theoretically sound
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● Given
○ n methods {f

1
, …, f

n
}

○ m examples {x
1
, …, x

m
}

○ Scoring function e, e(f(x)) -> [0, 1]
● Define

○ Ground truth scoring matrix E ∈ [0, 1]n×m

○ Score of a method f
i

● Goal
○ Output the best method

Problem formulation



Algorithm: overview

● An adaptive evaluation framework



Algorithm: UCB-E

● Treat each method f
i
 as an “arm”, each pull of f

i
 receives a random E

ij

○ Hence a multi-arm bandit problem
● Compute upper confidence bound (UCB) of each method 
● The method with the largest UCB is pulled next



Can we do better?

● UCB-E has good theoretical guarantee:
○ The chance of selecting the best method converges to 100% by an 

exponential decay of the number of evaluations
● But does not assume the methods and examples are correlated
● Real-world E are often low-ranked

n

m
r r

≈ ×E



Algorithm: UCB-E-LRF

● Warm-up for low-rank factorization 
● Use ensemble to estimate uncertainty



Datasets

● Applications: prompt engineering, model selection, hyperparameter 
tuning

● Prompt engineering: GPT4-turbo generated prompts
● Model selection: GPT4-turbo as a judge for pairwise comparison
● Hyperparameter tuning: different models + sampling configurations



Results

● 50 independent runs
● Adaptive algorithms 

outperform baselines 
significantly

● Saves as much as 
85-95% of costs

● UCB-E-LRF performs 
better than UCB-E 
when the dataset is 
harder



Thank you for your attention!
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