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Artificial intelligence (AI) model evaluation is the practice of measuring whether an AI model has a particular
kind of ability or knowledge. The goals of evaluation range from assessing performance on a concrete task
(e.g., spam email classification) to gathering evidence for a high-level cognitive capacity (e.g., understanding
what another person is thinking). Regardless of the goal, model evaluation involves computing performance
using a task, dataset, and metric. When evaluating a cognitive capacity of an AI model, performance is then
typically used to make inferences about whether the model possesses the ability or knowledge of interest. The
nature of Al models’ cognitive abilities, as inferred through model evaluation, has profound implications for
cognitive science, informing questions about the representation and learning of concepts, categories, linguistic
structure, and meaning. It remains debated how best to evaluate models’ cognitive abilities and compare them

to those of humans.

History

Early Al researchers often used toy datasets to evaluate whether artificial neural networks could capture
signature patterns of human learning (Rumelhart et al., 1987). Although not guided by cognitive questions, the
UCI Machine Learning Repository provided one of the first centralized resources for benchmarking, or the use
of standardized datasets and metrics to compare different systems. The repository compiled benchmarks for
classic machine learning algorithms such as classification (sorting data points into predefined categories) and

clustering (grouping similar data points together).

As deep learning models grew more sophisticated, there was a need for benchmarks to systematically measure

more complex cognitive abilities. A well-known example of an early modern benchmark is ImageNet (Deng et
al., 2009), which enabled large-scale evaluation of image classification. With the success of neural networks in
natural language processing, a wave of benchmarks then began targeting more complex linguistic abilities such

as language understanding (e.g., Wang et al., 2019) in the late 2000s and 2010s. These benchmarks typically

involved training or fine-tuning a model on a training set and then evaluating the model on an identically

distributed test set that the model had not yet been exposed to.

Researchers quickly identified several limitations of this general approach (Bowman & Dahl, 2021; Linzen,_
2020; Schlangen, 2021). As Al models rapidly advanced during this time, several major benchmarks were
“solved” (e.g., a model achieving human-level performance) within a year after their release (Kiela et al.,_

2021). In addition, models could often succeed at benchmarks using heuristics learned through statistical

association instead of genuine generalization (McCoy et al., 2019). The early 2020s saw some attempts to

address these issues—for example, through dynamically constructed or larger benchmarks (Kiela et al., 2021;

Srivastava et al., 2023). However, some researchers remain skeptical about the general enterprise of

benchmarking (Raji et al., 2021).
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In contrast to prior AI models that were optimized for a specific task, modern large language models can be

evaluated on any task that can be represented in natural language [see Large Language Models]. As such,

evaluation has shifted away from formal linguistic tasks (e.g., labeling word classes or analyzing sentence

structure) toward tasks involving more general high-level cognition (e.g., reasoning by analogy) and domains

involving human expert-level knowledge (Phan et al., 2025) [see Analogy].

Core concepts

Key definitions

A cognitive construct is an abstract ability or form of knowledge that the researcher seeks to measure (e.g., the
ability to do math). The construct of interest cannot be measured except indirectly through performance on a
task. A task specifies a concrete mapping from inputs to outputs that recruits the construct of interest (e.g.,

multiplication of three-digit integers).

A stimulus is a single instance of an input to the model (e.g., a string containing a multiplication problem). A
dataset is a collection of stimuli. The core of a dataset is the test set, which contains the stimuli intended for
evaluating the model. It is typically assumed that the model has not encountered the test set before evaluation
(but see below for discussion of data contamination). Some datasets may also include a training set (to allow
the model to learn the task before evaluation) and/or a validation set (to measure progress during training).
Most datasets used to evaluate modern Al models only include a test set. Such benchmarks are said to test
emergent abilities: that is, abilities that arise during training on a different objective (such as next-token

prediction) instead of being learned through direct training.

A metric is a way of summarizing a model’s outputs on a test dataset into a single score. Metrics can be
intrinsic or extrinsic. Intrinsic metrics are those that can be computed using the dataset itself, such as accuracy,
which measures correctness, or perplexity, which measures how well a probability distribution predicts a new
sample. Extrinsic metrics are those that require information from an external source, such as a rating of the

model’s output obtained from human or Al annotators.

As a simple example, suppose a researcher wants to evaluate whether a particular model can do math. The
researcher might decide to measure this construct through the task of computing the product of three-digit
integers. The researcher would then build a dataset by creating 1,000 stimuli, each of which is a string of the
form “Calculate X *Y =,” in which X and Y are three-digit integers. The model’s outputs might then be scored
through two intrinsic metrics: (1) accuracy, or the proportion of stimuli in which the model’s output matches
the correct answer, and (2) mean error, or the difference between the model’s output and the correct answer

(averaged across all stimuli).


https://oecs.mit.edu/pub/zp5n8ivs
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Evaluation design

Designing an evaluation involves several key decision points. One factor is choosing a task that faithfully
measures the construct of interest. Another important factor is deciding how to obtain outputs from the model,
for example, through measurements of internal values versus high-level prompting or through free response

versus forced choice. These methodological decisions can lead to drastically different conclusions about model

abilities (Hu et al., 2024; Lampinen, 2024) and may also serve different goals, such as adversarially probing the

limits of models’ abilities versus revealing the potential of a model in ideal settings.

Inferring model abilities from evaluations

Evaluating whether an AI model has a certain construct involves making inferences about a model’s
competence (underlying ability or knowledge) based on a model’s performance (demonstration of that

knowledge through a specific task; Firestone, 2020; Milliére & Rathkopf, 2025). A key challenge of this

approach is that models can succeed at evaluations without necessarily capturing the cognitive ability being

tested (McCoy et al., 2019). Conversely, models can fail at evaluations due to the auxiliary challenges

associated with performing the task instead of a genuine lack of ability (Hu & Frank, 2024). Researchers also

use evaluations to understand how factors like a model’s training data or architecture support different

cognitive abilities, but these inferences are only feasible with openly accessible models (Frank, 2023).
Questions, controversies, and new developments

Comparing models to humans

Model evaluation often involves comparing outputs from a model to behavior from humans. It remains debated
how these model-human comparisons should be made. Some argue that models and humans should be

compared under identical evaluation paradigms (Leivada et al., 2024), whereas others argue that evaluation

paradigms should be designed according to models’ and humans’ unique computational mechanisms (Hu et al.,_

2024; Lampinen, 2024). Another topic of debate is whether models need to use human-like strategies for

performing a task in order to genuinely possess the ability of interest (anthropocentrism; Milliere & Rathkopf,_
2025).

Data contamination

Data contamination occurs when evaluation stimuli are present in the model’s training data (Dodge et al.,_
2021). If a stimulus has already been seen by a model, then the model’s performance during testing may not

reflect genuine generalization but rather a form of memorization (Magar & Schwartz, 2022). Because modern

models are trained on massive amounts of data and/or proprietary datasets, it is often infeasible to know
whether a particular stimulus was present in the training data. Private corporations also frequently evaluate

models on nonpublic datasets without disclosing how such evaluations were designed.
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New horizons of evaluation

As Al models are increasingly used by the general public in open-ended settings, there has been a movement
towards vibes-based evaluation instead of formal, standardized evaluation. Some researchers have also

advocated for using Al models to automate various parts of the evaluation process, for example, to annotate

another model’s outputs (Zheng et al., 2023) or to synthetically generate stimuli for evaluation (Kim et al.,_
2025).

Broader connections

The ability of deep neural networks to learn intelligent behavior has wide-ranging connections to fundamental

questions in cognitive science (Kanwisher et al., 2023; Rumelhart et al., 1987). Comparing the cognitive
abilities of Al models to those of humans also has parallels to comparative psychology with nonhuman animals

(Buckner, 2023; Firestone, 2020) [see Animal Cognition]. The inferences drawn through model evaluation also

have deep implications for society more broadly, as understanding the capabilities and limitations of models is

critical for making decisions about the regulation, governance, and personhood of Al systems.
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