
Contents
WEEK 13: EVALUATING LLMS - METRICS AND METHODS 1

Traditional NLP Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
Quantitative Metrics in Natural Language Processing . . . . . . . . . . . . . . . . . . . . . . . . . 2
Task-Specific Metrics in Natural Language Processing . . . . . . . . . . . . . . . . . . . . . . . . . 2
Limitations of Traditional Metrics in Evaluating Language Models . . . . . . . . . . . . . . . . . . 3
LLM-Specific Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
Human Evaluation Protocols . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

WEEK 13: EVALUATING LLMS - METRICS AND METHODS
Traditional NLP Evaluation
Natural Language Processing (NLP) has made significant strides in recent years, with the development of
increasingly sophisticated models and techniques. However, evaluating the performance of these models
remains a critical challenge. Traditional NLP evaluation methods rely on a variety of metrics and approaches
to assess the effectiveness of NLP systems in tasks such as text classification, named entity recognition, and
machine translation.

One of the most commonly used evaluation metrics in NLP is accuracy, which measures the proportion of
correctly predicted instances out of the total number of instances. Accuracy is defined as:

Accuracy = TP + TN

TP + TN + FP + FN

where TP is the number of true positives, TN is the number of true negatives, FP is the number of false
positives, and FN is the number of false negatives. While accuracy is a straightforward metric, it may not
always be the most appropriate choice, particularly in cases where the class distribution is imbalanced.

Another widely used metric is precision, which measures the proportion of true positive predictions among all
positive predictions. Precision is calculated as:

Precision = TP

TP + FP

Precision is particularly useful when the cost of false positives is high, such as in spam email detection, where
incorrectly classifying a legitimate email as spam can have significant consequences.

Recall, also known as sensitivity, is another important metric that measures the proportion of true positive
predictions among all actual positive instances. Recall is defined as:

Recall = TP

TP + FN

Recall is crucial in scenarios where the cost of false negatives is high, such as in medical diagnosis, where
failing to identify a disease can have severe implications for patient health.

The F1 score is a harmonic mean of precision and recall, providing a balanced measure of a model’s performance.
The F1 score is calculated as:

F1 = 2 · Precision · Recall

Precision + Recall

The F1 score is particularly useful when both precision and recall are important, and there is a need to find a
balance between the two metrics.
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Quantitative Metrics in Natural Language Processing
Quantitative metrics play a crucial role in evaluating the performance of natural language processing (NLP)
models. These metrics provide a standardized way to assess the quality of generated text, machine translation,
and other language-related tasks. Among the most widely used metrics are BLEU (Bilingual Evaluation
Understudy), ROUGE (Recall-Oriented Understudy for Gisting Evaluation), and METEOR (Metric for
Evaluation of Translation with Explicit ORdering). These metrics compare the generated text with reference
translations or human-generated text to determine the similarity and quality of the output.

BLEU is a precision-based metric that calculates the geometric mean of modified n-gram precisions, multiplied
by a brevity penalty to penalize short translations.

ROUGE, on the other hand, is a recall-based metric that measures the overlap between the generated text
and reference summaries. It calculates the recall of n-grams, longest common subsequences (LCS), and
skip-bigrams. The most commonly used variants are ROUGE-N (n-gram recall), ROUGE-L (LCS-based
F-measure), and ROUGE-S (skip-bigram-based co-occurrence statistics).

METEOR is a metric that considers both precision and recall, as well as the alignment between the generated
text and reference translations. It computes a weighted harmonic mean of unigram precision and recall, with
a penalty for fragmentation. The alignment is based on exact, stem, synonym, and paraphrase matches.

Another important metric in NLP is perplexity, which measures the uncertainty of a language model in
predicting the next word in a sequence. A lower perplexity indicates that the model is more confident in its
predictions and better captures the language patterns.

Task-Specific Metrics in Natural Language Processing
Question answering (QA) is a fundamental task in NLP that involves providing accurate responses to natural
language queries. The accuracy of a QA system is typically measured using the exact match (EM) and F1
score metrics. EM measures the percentage of questions for which the predicted answer exactly matches the
ground truth answer, while F1 score is the harmonic mean of precision and recall. Precision is the fraction of
retrieved answers that are relevant, and recall is the fraction of relevant answers that are retrieved. The F1
score is calculated as:

F1 = 2 · precision · recall

precision + recall

Translation quality is another critical aspect of NLP, particularly in the context of machine translation (MT).
The most widely used metric for evaluating MT systems is the Bilingual Evaluation Understudy (BLEU)
score.

Summarization evaluation is a challenging task, as it involves assessing the quality of a generated summary
in terms of its relevance, coherence, and informativeness. One of the most popular metrics for summarization
evaluation is the Recall-Oriented Understudy for Gisting Evaluation (ROUGE). ROUGE measures the overlap
between the generated summary and one or more reference summaries, typically created by human annotators.
There are several variants of ROUGE, including ROUGE-N (n-gram recall), ROUGE-L (longest common
subsequence), and ROUGE-S (skip-bigram co-occurrence).

It is important to note that while these task-specific metrics provide valuable insights into the performance
of NLP models, they are not without limitations. For example, BLEU and ROUGE scores may not always
correlate well with human judgments of translation or summarization quality. Additionally, these metrics
often fail to capture the semantic meaning or coherence of the generated text. Therefore, it is essential to use
these metrics in conjunction with human evaluation and other qualitative assessment methods to obtain a
comprehensive understanding of a model’s performance.
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Limitations of Traditional Metrics in Evaluating Language Models
Traditional metrics, such as perplexity and BLEU scores, have been widely used to evaluate the performance of
language models. However, these metrics have inherent limitations that hinder their ability to comprehensively
assess the quality and effectiveness of language models, particularly in the context of advanced models like
transformers. Perplexity, which measures the average number of bits required to encode each word given the
model’s predictions, fails to capture the nuances of language understanding and generation. Similarly, BLEU
scores, which compare the generated text to reference translations, rely on exact word matches and struggle
to account for the diversity and creativity of human language.

One of the primary limitations of traditional metrics is their lack of context sensitivity. Language is inherently
context-dependent, with the meaning and appropriateness of words and phrases varying based on the
surrounding text and the overall discourse. Traditional metrics, however, treat each word or sentence in
isolation, disregarding the broader context in which they appear. This limitation becomes particularly evident
when evaluating models that aim to generate coherent and contextually relevant text, such as in dialogue
systems or story generation tasks. Without considering the context, these metrics may assign high scores to
generated text that is grammatically correct but semantically inconsistent or irrelevant to the given prompt.

Another significant drawback of traditional metrics is their inability to capture semantic understanding.
Language models are designed to learn and represent the underlying meanings and relationships between
words and concepts. However, metrics like perplexity and BLEU scores focus primarily on surface-level
similarities, such as word overlap or exact matches, rather than assessing the model’s ability to grasp and
convey the intended meaning. This limitation becomes apparent when evaluating models that aim to perform
tasks requiring deep language understanding, such as question answering, text summarization, or sentiment
analysis. Traditional metrics may assign high scores to generated text that superficially resembles the reference
but fails to capture the core semantics or reasoning behind the task.

Furthermore, traditional metrics struggle to provide a human-like evaluation of language model outputs.
Human language is complex, nuanced, and often subjective, with different individuals having varying
preferences and interpretations. Traditional metrics, being based on fixed rules and statistical comparisons,
cannot fully capture the richness and diversity of human language assessment. They may penalize generated
text that exhibits creativity, style, or linguistic variation, even if it is deemed acceptable or even preferable by
human evaluators. This limitation becomes particularly relevant when evaluating models that aim to generate
human-like text, such as in creative writing or dialogue systems, where the goal is to produce engaging and
natural-sounding language rather than strictly adhering to a narrow set of reference texts.

To address these limitations, researchers have proposed alternative evaluation approaches that aim to capture
context sensitivity, semantic understanding, and human-like assessment. One such approach is the use of
contextualized embeddings, such as those obtained from pre-trained language models like BERT or GPT.
These embeddings can be used to measure the semantic similarity between generated text and reference
text, taking into account the surrounding context. Another approach is the use of human evaluation,
where trained annotators assess the quality and appropriateness of generated text based on criteria such
as coherence, relevance, and fluency. While human evaluation is more time-consuming and subjective
compared to automated metrics, it provides a more comprehensive and nuanced assessment of language
model performance. Additionally, researchers are exploring the development of novel metrics that combine
statistical measures with linguistic insights and human feedback to better capture the complexities of language
understanding and generation.

LLM-Specific Evaluation
Large Language Models (LLMs) have revolutionized the field of natural language processing, demonstrating
remarkable performance across a wide range of tasks. However, evaluating the capabilities and limitations of
these models poses unique challenges due to their scale and complexity. To address this, researchers have
developed specialized benchmark suites, capability testing frameworks, and behavioral evaluation techniques
tailored to assess the performance of LLMs.

Benchmark suites such as GLUE (General Language Understanding Evaluation) and SuperGLUE provide
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a standardized set of tasks to evaluate the natural language understanding capabilities of LLMs. These
tasks cover various aspects of language understanding, including sentiment analysis, textual entailment, and
question answering. The performance of LLMs on these benchmarks serves as a measure of their overall
language understanding abilities. Additionally, the BIG-bench benchmark suite focuses on evaluating the
few-shot learning capabilities of LLMs, assessing their ability to adapt to new tasks with limited examples.
The HELM (Holistic Evaluation of Language Models) framework takes a more comprehensive approach,
considering not only task performance but also factors such as robustness, fairness, and efficiency.

Capability testing aims to assess the specific abilities of LLMs in areas such as reasoning, knowledge retention,
and task generalization. Reasoning assessment evaluates the model’s ability to perform logical reasoning,
such as deductive and inductive reasoning, as well as its capacity to handle complex multi-step problems.
Knowledge probing techniques are used to determine the extent to which LLMs have acquired and can retrieve
factual knowledge across various domains. Task generalization tests the model’s ability to transfer knowledge
and skills learned from one task to novel, unseen tasks, which is crucial for assessing the model’s adaptability
and robustness.

Behavioral evaluation focuses on the model’s adherence to instructions, consistency in generated outputs,
and the accuracy of its chain-of-thought reasoning. Instruction following assesses the model’s ability to
understand and follow explicit instructions, which is essential for controllable and reliable language generation.
Output consistency measures the model’s ability to generate coherent and consistent responses across multiple
iterations or variations of the same prompt. Chain-of-thought accuracy evaluates the model’s ability to
provide step-by-step reasoning and explanations for its outputs, ensuring that the generated responses are
not only correct but also logically sound.

The evaluation of LLMs using these specialized techniques provides valuable insights into their strengths
and weaknesses, guiding further research and development efforts. By assessing the models’ performance on
benchmark suites, probing their capabilities in specific areas, and evaluating their behavioral characteristics,
researchers can identify areas for improvement and develop more robust and reliable language models.
As LLMs continue to advance and find applications in various domains, comprehensive and standardized
evaluation methods will remain crucial for understanding their true potential and limitations.

Human Evaluation Protocols
Human evaluation is a critical component in assessing the performance and quality of AI systems, particularly
in the context of natural language processing and generation tasks. Evaluation frameworks provide structured
approaches to gather human judgments on various aspects of system outputs. Likert scales, which typically
range from 1 to 5 or 1 to 7, are commonly used to measure the degree of agreement or disagreement with
statements about the quality, coherence, or appropriateness of the generated text. A/B testing involves
presenting evaluators with two alternative outputs and asking them to indicate their preference, enabling
comparative analysis between different models or configurations. Expert review protocols leverage the
knowledge and experience of domain experts to provide in-depth assessments and insights into the strengths
and weaknesses of the AI system.

To ensure consistent and reliable human evaluations, it is essential to establish clear annotation guidelines.
These guidelines outline the specific quality criteria that evaluators should consider when assessing the
AI-generated outputs. Criteria may include aspects such as grammatical correctness, semantic coherence,
relevance to the prompt, and overall fluency. Developing a well-defined rubric is crucial to provide evaluators
with a standardized framework for assigning scores or ratings. The rubric should include detailed descriptions
and examples for each quality level, helping to minimize subjectivity and promote consistency across evaluators.
Inter-rater reliability measures, such as Cohen’s kappa or Fleiss’ kappa, are used to assess the agreement
between multiple evaluators and ensure that the evaluation process is reliable and reproducible.

Systematic assessment techniques are employed to mitigate potential biases and ensure the validity of human
evaluations. Blind evaluation, where evaluators are unaware of the source of the generated text (e.g., whether
it is human-written or AI-generated), helps to prevent preconceived notions from influencing the ratings.
Control questions, which have known or expected answers, can be included in the evaluation process to
identify evaluators who may not be paying sufficient attention or following the guidelines accurately. These
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control questions serve as a quality assurance mechanism and help to filter out unreliable or inconsistent
evaluations.

Statistical significance testing is an essential component of human evaluation protocols to determine whether
the observed differences in ratings or preferences between AI systems are likely to be due to chance or
reflect genuine differences in performance. Commonly used statistical tests include t-tests for comparing
means, Mann-Whitney U tests for comparing distributions, and chi-square tests for comparing proportions.
These tests provide p-values that indicate the probability of observing the given results if there were no
true differences between the systems being evaluated. A p-value threshold, typically set at 0.05, is used
to determine statistical significance. If the p-value falls below this threshold, it suggests that the observed
differences are unlikely to be due to chance and can be considered statistically significant.

To further enhance the robustness and generalizability of human evaluation results, it is important to consider
factors such as sample size, diversity of evaluators, and the representativeness of the evaluation dataset. A
sufficiently large sample size helps to reduce the impact of individual variability and increases the statistical
power of the analysis. Engaging a diverse pool of evaluators, with varying backgrounds and expertise,
can provide a more comprehensive assessment of the AI system’s performance across different perspectives.
Additionally, ensuring that the evaluation dataset covers a wide range of topics, genres, and difficulty levels
is crucial to assess the system’s ability to generate high-quality outputs in various contexts. By carefully
designing and implementing human evaluation protocols, researchers can obtain reliable and meaningful
insights into the performance and limitations of AI systems, guiding further development and improvement
efforts.
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