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Motivation

■ Best Large Language Model?

▶ Measure performance
→ benchmarks

■ Structure, reproducibility,
comparability, automation,
scalability
→ benchmarking frameworks

■ Can we truly trust the scores
from benchmarking frameworks?

Source: Riedemann, Labonne, and Gilbert (2024), Figure 2
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What is an LLM benchmark

■ Dataset

▶ Set of tasks/ subjects
▶ Fixed sets of questions for each task

■ Performance evaluation metric

▶ E.g.: Accuracy, efficiency, robustness, bias, toxicity

■ Categories

▶ Knowledge
▶ Reasoning
▶ Language
▶ Bias, toxicity, safety
▶ Coding
▶ ...
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Why we need good benchmarks

■ Allows comparison of different models

▶ Main indicator for progress of models

■ fairness and competitiveness for developers
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Example: MMLU

■ Massive Multitask Language Understanding

■ 16.000 multiple choice questions

▶ development, validation, test sets
▶ 57 tasks/ subjects

■ Scored via accuracy
(choose highest probability
answer token)
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Example: HellaSwag

■ ∼70.000 common sense multiple choice language inference questions

■ Improvement of Swag dataset

▶ Source text, generator, discriminator
▶ Adversarial filtering

Source: Zellers et al. (2019), Figure 1
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Source: Zellers et al., HellaSwag: Can a Machine Really Finish Your Sentence?, 2019
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Other benchmark examples

■ GSM8K

■ ARC

■ CommonsenseQA

■ MATH

■ Modified versions of MMLU

▶ MMLU-Pro
▶ MMMLU
▶ MMLU-Redux

■ ...

CommonsenseQA, Source: Talmor et al. (2019), Figure 1

Source: Hendrycks, Burns, Kadavath, et al. (2021), Figure 1
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What is an LLM Benchmarking Framework

■ (Software) system that standardizes and/or automates the evaluation of
LLMs

■ Executes one or multiple benchmarks on one or multiple models

■ Defines evaluation protocols

▶ Prompt templates (zero-shot, few-shot, Chain-of-Thought)
▶ Decoding settings
▶ Output scoring

■ Ensures comparability and reproducibility across models and runs

■ Tends to support scalable execution (e.g. batching, parallelism)
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Types of LLM Benchmarking Frameworks

■ Classical

▶ Fixed datasets, metrics, models
▶ provide code
▶ Some: Focus on prompt sensitivity and instability

■ Holistic

■ Human-preference evaluation platform

▶ Ranking via user feedback

Niclas Unger Seminar with Practical: Scalable Computing Systems and Applications in AI, Big Data and HPC 11 / 27
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Example: LM Evaluation Harness

■ Classical

■ "Unified framework to test generative language models on a large number
of different evaluation tasks"

■ Supports:

▶ >60 benchmarks
▶ Many different LLMs
▶ Commercial APIs, e.g. OpenAI
▶ Local models and benchmarks
▶ Custom prompts and evaluation metrics
▶ Multi GPU parallelism

Niclas Unger Seminar with Practical: Scalable Computing Systems and Applications in AI, Big Data and HPC 12 / 27

Gao et al., A framework for few-shot language model evaluation, 2021
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Example: LM Evaluation Harness

Evaluate a model "hosted" on the HuggingFace Hub (e.g. GPT-J-6B)
on HellaSwag

bash

1 lm_eval --model hf \
2 --model_args pretrained=EleutherAI/gpt-j-6B \
3 --tasks hellaswag \
4 --device cuda:0 \
5 --batch_size 8

Niclas Unger Seminar with Practical: Scalable Computing Systems and Applications in AI, Big Data and HPC 13 / 27

Gao et al., A framework for few-shot language model evaluation, 2021, Github README
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Example: PromptBench
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Source: Zhu et al., PromptBench: A Unified Library for Evaluation of Large Language Models, 2024, Figure 1
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Other Examples

■ OpenCompass (classical)

■ HELM (holistic)

■ Chatbot Arena
(human-preference evaluation platform)
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Benchmark limitations Overview

■ Data Contamination

■ Prompt Sensitivity

■ Evaluation process

▶ Metric sensitivity
▶ Handling of outputs

■ Static nature

▶ Changing capability of LLMs → outdated
▶ Increased risk of data contamination

■ Correctness

Niclas Unger Seminar with Practical: Scalable Computing Systems and Applications in AI, Big Data and HPC 17 / 27
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ConStat

■ Data Contamination

▶ Syntax-Specific
▶ Sample-Specific
▶ Benchmark-Specific

■ Reference models

■ Reference benchmarks

Source: Dekoninck, Müller, and Vechev (2024), Figure 1

Source: Dekoninck, Müller, and Vechev (2024), Table 2
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Dekoninck, Müller, and Vechev, ConStat: Performance-Based Contamination Detection in Large Language Models, 2024
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ConStat Results
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Source: Dekoninck, Müller, and Vechev, ConStat: Performance-Based Contamination Detection in Large Language Models,
2024, Table 4
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Data contamination - why this matters

■ Contamination skews reported model performance between older and
newer models

■ For frameworks: Benchmarking frameworks provide only tools

▶ Results can lack validity

■ User vigilance and awareness necessary

Niclas Unger Seminar with Practical: Scalable Computing Systems and Applications in AI, Big Data and HPC 20 / 27
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ProSA

■ Framework designed to evaluate
prompt sensitivity

▶ PromptSensiScore

Source: Zhuo et al. (2024), Figure 1

Source: Zhuo et al. (2024), Figure 3
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Zhuo et al., ProSA: Assessing and Understanding the Prompt Sensitivity of LLMs, 2024
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ProSA Results
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Source: Zhuo et al., ProSA: Assessing and Understanding the Prompt Sensitivity of LLMs, 2024, Figure 4
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Prompt sensitivity - why this matters

■ Skews benchmark results for certain prompting methods

■ For frameworks: Same as with data contamination
▶ Benchmarking frameworks provide only tools

• Results can lack validity

▶ User vigilance and awareness necessary
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LLM Benchmarks Benchmarking Frameworks Limitations Conclusion

Framework Limitations

■ Directly inherit limitations of benchmarks
→ potentially unreliable scores

■ Closed models

■ Closed weights

■ No log-likelihood

■ Coding challenges

▶ Version compatibility
▶ Reliance on external libraries and APIs
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My plans for the full report

■ Focus on LM Eval Harness

▶ Scalability and technical aspects of the framework

■ Expand on benchmark limitations

▶ More papers and quantification, wider coverage
▶ How limitations affect specifically new, state of the art models and

benchmarks
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Key Takeaways

■ Frameworks structure benchmarking

▶ Give LLM benchmark evaluation structure, guidelines (and automation)
▶ Types: Classical, Holistic, Human-preference

■ Interpret benchmark scores with caution

▶ Data contamination → newer models have unfair advantage
▶ Prompt sensitivity → prompt wording skews results
▶ Sponsors of benchmarks?

■ Still more research required on reliability and improvement of benchmarks

▶ How reliable are benchmark scores exactly?
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