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What is a Metric?
• Given “supervised data” how do we evaluate?

1. Run the model on the inputs to get predictions (outputs)

2. Define a metric (or score) that estimates how well the model predictions reflect 
the “gold” outputs (labels).

3. Compute the metric

• How to compute a score?
§ Human Evaluation

§ Automatic Evaluation
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Evaluating LLMs: The Challenges
• Traditional evaluation metrics, such as accuracy, recall, precision, and F1 

score, are insufficient for assessing the complexities of LLMs. 
• The Limitations of Traditional Metrics

§ LLMs require a deep understanding of context, nuances, and subtleties in language, 
making traditional metrics inadequate for evaluation.

• The Complexity of LLM Evaluation
§ The evaluation of LLMs is further complicated by three key factors:

1.Contextual Understanding: LLMs need to comprehend the context in which language is 
used, rendering traditional metrics insufficient.

2.Open-ended Generation: LLMs can generate diverse responses, making it difficult to 
define a single "correct" answer.

3.Multifaceted Evaluation: LLMs require assessment of various aspects, including fluency, 
coherence, and factual accuracy, which traditional metrics cannot capture.



Traditional NLP Evaluation Metrics
• The Need for Tailored Evaluation Methods

§ LLMs are applied in various real-world applications, such as text 
classification, sentiment analysis, and dialogue systems, each requiring 
tailored evaluation methods to accurately assess their performance.

• Traditional NLP Metrics
§ Perplexity, BLUE, ROUGE

§ GLUE, SuperGLUE



Language Model Evaluation: Perplexity
• When evaluating Language Models in isolation, one universal metric can provide valuable 

insights into their quality. This measure is called Perplexity:
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§ 𝑤! represents the  𝑖-th word. 
§ 𝑃 𝑤!"#|𝑤#, 𝑤$, … ,𝑤!  is the probability of the i+1-th word given its preceding words,
§ 𝑁	is the total number of words in the sequence,

• The intuition behind Perplexity, which is rooted in entropy, lies in measuring a model's 
uncertainty in predicting a sequence. 
§ A lower Perplexity score indicates that the model is less uncertain, and therefore, more 

accurate in its predictions, making it a better predictor of the sample.



BLEU (2002) 
• BLEU (Bi-Lingual Evaluation Understudy) is a metric used to evaluate the 

quality of machine-generated translations. It measures how closely a 
candidate translation matches reference translations by analyzing the 
precision of n-grams and applying a brevity penalty to discourage short 
translations.
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• BP is the brevity penalty,
• 𝑁	 is the maximum n-gram order (typically 4),
• 𝑤!	 is the weight assigned to the n-gram precision,
• 𝑝!	 is the precision of n-grams of order nn.



Components of BLEU Score
1. N-Gram Precision: This measures how many n-grams in the candidate 

translation match those in the reference translations. For example, if the 
candidate translation contains several unigrams, bigrams, and trigrams that 
overlap with the references, these are counted to compute precision.

2. Brevity Penalty (BP): This penalizes translations that are shorter than their 
reference counterparts. It is calculated as

BP = 91	 if	𝑐 > 𝑟
exp 1 − 𝑟/𝑐 if	𝑐 < 𝑟

§ 𝑐	 is the length of the candidate translation,
§ 𝑟	 is the length of the closest reference translation.



BLEU Score Interpretation
• BLEU scores range from 0 to 1, with higher scores indicating better quality 

translations. A score of 0 means no overlap with reference translations, while a 
score of 1 indicates perfect overlap. However, achieving a perfect score is rare 
even for human translators.

• For example,

• Text similarity with BLEU drops drastically by using different words with similar meanings



BLEU Score Limitations
• Despite its popularity, BLEU has several limitations:

• Synonymy and Paraphrasing: BLEU does not account for synonyms 
or paraphrases, which can lead to lower scores for semantically 
equivalent translations.

• Correlation with Human Judgment: While BLEU generally correlates 
well with human evaluations, it may not always reflect human 
preferences accurately, especially in cases requiring nuanced 
understanding or creativity.



ROUGE (2004)
• ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a set of metrics 

for evaluating text generation tasks like summarization and machine 
translation.

•  Unlike BLEU, which focuses on precision, ROUGE emphasizes recall, making it 
useful for tasks where capturing all relevant information is critical.

• Key variants of ROUGE include:
• ROUGE-N: Measures n-gram overlap between generated and reference texts.
• ROUGE-L: Evaluates the longest common subsequence (LCS) between texts, 

capturing sentence-level structure similarity.
• ROUGE-S: Assesses skip-bigram overlap, allowing for gaps between words and 

capturing semantic similarity beyond exact matches.



ROUGE Sub-Metrics



The ROUGE scores are calculated using precision, recall, 
and F1-score:
1. Precision: The ratio of overlapping n-grams in the candidate text to the total number of n-
grams in the candidate text.

Precision =
Number	of	overlapping	n	grams

Total	number	of	n	grams	in	candidate

2. Recall: The ratio of overlapping n-grams in the candidate text to the total number of n-grams 
in the reference text

Recall =
Number	of	overlapping	n	grams

Total	number	of	n	grams	in	reference	

3. F1 Score: The harmonic mean of precision and recall, providing a balance between the two 
metrics.

F1 = 2 <
Precision < Recall
Precision + Recall



Example
import evaluate

rouge = evaluate.load('rouge')

predictions = ["I really really loved reading reading the Hunger Games", 
"Police killed the gunman"]
references = ["I really loved reading the Hunger Games",
"the gunman killed the police"]
results = rouge.compute(predictions=predictions, references=references)

# {'rouge1': 0.8819444444444445,
# 'rouge2': 0.7142857142857143,
# 'rougeL': 0.6597222222222223,
# 'rougeLsum': 0.6597222222222223}
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Advantages and Limitations of ROUGE Score

• ROUGE metrics provide a more comprehensive evaluation than BLEU by 
incorporating recall and considering various forms of text similarity. 

• However, they also have limitations:

• Synonymy and Paraphrasing: Like BLEU, ROUGE does not account for 
synonyms or paraphrases, which can affect scoring.

• Coherence Assessment: ROUGE primarily focuses on surface-level 
matches and may not adequately reflect overall coherence or quality 
in generated text.



What is the difference between BLEU and ROUGE?

• BLEU (Bilingual Evaluation Understudy) 
§ A metric commonly used in translation tasks. BLEU measures the similarity 

between a translated text and a reference translation. 

§ It often calculates n-gram values, comparing two texts.

• ROUGE (Recall-Oriented Understudy for Gisting Evaluation) 
§ A metric for summarization tasks. It also compares two texts (generated 

summary and source summary), based on the number of overlapped n-grams.

• Both metrics rely on overlapping n-grams.
§ The key difference is that BLEU is precision orientated and ROUGE is recall 

orientated, these differences are based on the metrics common usage.



GLUE (2018)
• GLUE (General Language Understanding Evaluation) is a collection of natural language tasks, such 

as sentiment analysis and question-answering.

• GLUE was created to encourage the development of models that can generalize across multiple 
tasks, and you can use the benchmark to measure and compare the model performance.

1. Benchmark of 9 sentence-pair language 
understanding tasks

2. A diverse range of dataset sizes, text 
genres, and degrees of difficulty



SuperGLUE (2019)
• SuperGLUE is the successor to GLUE, introduced in 2019. 

• To address the limitations of GLUE, SuperGLUE includes a series of tasks, some of 
which are new, and some are more challenging versions of tasks found in GLUE.



Advanced LLM Evaluation: 
Benchmarks vs. Human Judgment
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LLM Evaluation
• How do we know which AI model is best? 
• Benchmarks and leaderboards provide rankings, but evaluating LLMs is 

more nuanced. 
• Evaluation methods fall into two families: 

§ Objective (benchmark-based)

§ Subjective (judgment-based)



Four Core Evaluation Approaches
• LLM evaluation is multifaceted and categorized into two types:

§ Benchmark-Based Evaluation (objective)

1. Multiple-choice accuracy tests

2. Verifier-based reasoning checks

§ Judgment-Based Evaluation (subjective)

1. Leaderboards and preference ranking

2. LLM-as-a-Judge systems



Method 1: Evaluating Answer-Choice Accuracy
(Multiple-Choice)

• Measures LLMs by answering predefined multiple-choice questions (MCQs). 

• Performance is measured by the fraction of correct responses, mirroring 
traditional exams.

• Examples:

§ MMLU / MMLU-Pro — General knowledge across 57 subjects

§ GPQA / GPQA Diamond — Expert-level scientific reasoning

§ ARC, HellaSwag — Commonsense and reasoning tasks

• Limitations: Focuses on recall, not reasoning depth.



MMLU (2021)
• Massive Multitask Language Understanding (MMLU) is a comprehensive 

benchmark designed to evaluate the performance of LLMS across a wide array of 
tasks and domains.
§ It measures LLM performance on 57 diverse knowledge intensive tasks

https://arxiv.org/pdf/2009.03300v3.pdf 

Multiple Choices Questions

https://arxiv.org/pdf/2009.03300v3.pdf


Example questions from MMLU train datasets



MMUL: Multiple Choice Questions



MMLU Implementation

https://huggingface.co/blog/open-llm-leaderboard-mmlu 
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Multi-task Language Understanding on MMLU
• Leaderboard: https://pub.towardsai.net/llm-benchmarks-in-2024-45226a1fcb54 

https://pub.towardsai.net/llm-benchmarks-in-2024-45226a1fcb54


MMLU using Different Datasets



AI2 Reasoning challenge (ARC) 2018
• ARC is a set of grade-school science questions with 7,787 multiple-choice 

science questions.
• These questions are designed to be answerable with reasoning and 

knowledge that a typical 8th grader would be expected to possess.
• Dataset weights 681MB and is divided into 2 sets of questions:
• ARC-Easy
• ARC-Challenge

• Shot format

“Think you have Solved Question Answering? Try ARC, the AI2 Reasoning Challenge”.

Example questions

https://arxiv.org/abs/1803.05457


HellaSwag (2019)
• HellaSwag is the successor to the previous SWAG dataset, presenting a greater challenge for 

models to achieve high performance.
§ Harder Endings, Longer contexts, and Low-shot Activities for Situations With Adversarial Generations

• This dataset is designed to evaluate models’ capabilities in commonsense reasoning, 
particularly their ability to predict or complete a sentence in a way that makes sense.

• 10-shot format
• Dataset weights 71.5MB.

HellaSwag: Can a Machine Really Finish Your Sentence?

Example questions

https://arxiv.org/abs/1905.07830


Method 2: Using Verifiers to Check Answers
• Tests open-ended reasoning via automated verification tools.
• Examples:

§ GSM8K — Math word problems

§ MATH-500 — Advanced math reasoning

§ AIME 2024 — Competitive problem solving

§ Codeforces, SWE-bench, HumanEval — Programming and code correctness

• Limitations: Only applies to verifiable domains and ignores reasoning quality.



Judgment-Based Evaluation
• Evaluates subjective qualities like helpfulness, coherence, and style 

through user or model preferences.

• Key methods:

§ Leaderboards and preference ranking (e.g., Chatbot Arena)

§ LLM-as-a-Judge (GPT-4, Prometheus)

• Focus: 'Is this better?' rather than 'Is this right?'



Method 3: Leaderboards and Preference Ranking

• Models are compared pairwise and ranked by preference.

• Systems:

§ Chatbot Arena / LMSYS — Human pairwise voting

§ Elo, Bradley–Terry, TrueSkill — Statistical ranking models

• Limitations: Biased by demographics, costly, and subjective.



LMArena

https://lmarena.ai/?mode=side-by-side
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LMArena LeaderBoard

https://lmarena.ai/leaderboard/text

https://lmarena.ai/leaderboard/text


LLM-as-a-Judge
• Automated judgment using advanced LLMs as evaluators.

• Examples:

§ GPT-4, Prometheus 2, PandaLM, Auto-J frameworks

• Advantages: Scalable and fast.

• Limitations: Bias from judge model, prompt sensitivity, and 
reproducibility issues.



Synthesis and Recommendations
• Each evaluation type has trade-offs:

§ Benchmarks — Objective and reproducible, but narrow

§ Verifiers — Good for math/code, limited scope

§ Leaderboards — Capture user perception, subjective

§ LLM-as-a-Judge — Scalable, but dependent on judge reliability

• Best practice: Combine multiple evaluation methods for balanced 
assessment.



Conclusion
A Smarter Way to Think About AI Quality

• A model’s benchmark score isn’t the whole story. True understanding 
requires knowing how it was evaluated.

• A comprehensive evaluation framework integrates objective 
benchmarks and human-like judgment to reflect real-world 
performance and communication quality.


