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1 Introduction

In the last few years, large language models (LLMs) have rapidly changed the field of artificial
intelligence. Modern systems such as GPT-style models are now capable of performing a wide
range of tasks, including answering complex questions, translating languages, writing computer
code, and solving logical problems. These developments have attracted a great deal of attention
from both researchers and industry, as the capabilities of language models continue to improve
at an extremely fast pace.

To keep track of this progress, the research community relies heavily on benchmark datasets.
Benchmarks provide standardized tasks that allow researchers to evaluate and compare different
models under similar conditions. Many popular benchmark suites include collections of tasks
designed to measure abilities such as reasoning, factual knowledge, and language understanding.
Because of this, benchmark scores have become one of the main ways researchers evaluate and
compare the performance of large language models [1].

Over time, several large benchmark suites have been created to evaluate different aspects
of language model performance. One well-known example is the Massive Multitask Language
Understanding (MMLU) benchmark, which evaluates models across a wide range of academic
subjects, including mathematics, history, law, and computer science. The goal of MMLU is to
test how well language models can apply knowledge and reasoning across many different domains
[6]. Another large benchmark project is BIG-Bench, which was developed as a collaborative
effort to evaluate language models on hundreds of diverse tasks. These tasks were designed
to capture a broad range of abilities, including reasoning, commonsense understanding, and
emerging capabilities of modern language models [4].

However, as language models continue to grow larger and more capable, researchers have
started to question whether these benchmarks are still reliable ways to evaluate them. Several
recent studies suggest that current benchmarking practices may not fully capture the true
capabilities of modern models. In some cases, improvements in benchmark scores may give the
impression that models are improving significantly, even when the underlying progress in their
abilities is relatively small. This has raised concerns about whether existing evaluation methods
are still appropriate for measuring the performance of today’s large language models [5].

To address some of these concerns, researchers have proposed broader evaluation frameworks
that look beyond simple benchmark scores. One example is the Holistic Evaluation of Language
Models (HELM) framework, which attempts to evaluate models across multiple dimensions such
as accuracy, fairness, robustness, and efficiency. The HELM framework highlights how difficult
it can be to fully evaluate complex AI systems using only a limited set of benchmark tasks and
suggests that more comprehensive evaluation approaches may be necessary [3].

One important issue that has recently received attention is benchmark saturation. Many
benchmark datasets were originally created when language models were much less powerful
than they are today. As models have improved, they are now achieving extremely high scores
on many of these tasks, sometimes approaching near-perfect performance. When this happens,
benchmarks become less useful for distinguishing between different models. Small differences
in scores may not represent meaningful improvements in ability, which can make leaderboard
rankings less informative [5].

Another major concern is benchmark data contamination. Large language models are
typically trained on massive collections of text gathered from the internet and other publicly
available sources. Because many benchmark datasets are also publicly available, there is a
risk that examples from these benchmarks may appear in the training data. If this happens,
models may simply memorize evaluation examples instead of demonstrating genuine reasoning
or understanding. This can artificially increase benchmark scores and make evaluation results
less reliable [2].

In addition to these issues, researchers have also raised concerns about construct validity
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in LLM benchmarks. Construct validity refers to whether a benchmark actually measures
the capability it claims to evaluate. Many benchmarks aim to test complex abilities such as
reasoning, knowledge, or safety. However, the tasks used in these benchmarks may only capture
simplified versions of these concepts. As a result, strong performance on a benchmark does not
necessarily mean that a model truly possesses the intended capability in real-world situations
[7].

Taken together, these challenges suggest that the current system of evaluating large language
models may be facing a broader benchmark validity crisis. As models continue to scale
and improve, traditional static benchmarks may become less effective at measuring meaningful
progress. Understanding the limitations of current evaluation practices is therefore an important
step toward developing more reliable methods for assessing language model capabilities [1].

This report examines three key problems that contribute to the current challenges in LLM
evaluation: benchmark saturation, benchmark data contamination, and issues related to con-
struct validity. By reviewing recent research on these topics, the report aims to highlight
weaknesses in existing benchmarking approaches and discuss potential directions for improving
how large language models are evaluated in the future.

2 Background: Benchmarking in Large Language Models

Benchmark datasets have been an important tool in natural language processing research for
many years. In machine learning, benchmarks are used to test how well models perform on
specific tasks. By evaluating different models on the same datasets, researchers can compare
results in a consistent way. This makes it easier to see whether a new model actually improves
upon previous ones. Without shared benchmarks, it would be difficult to measure progress in
the field.

Benchmarks also influence the direction of research. When a benchmark highlights tasks
that models find difficult, researchers often focus on improving their systems to perform better
on those tasks. Because of this, benchmarks do not only measure performance but also help
guide future work in natural language processing.

In the early stages of NLP research, benchmarks were usually designed for individual tasks
such as sentiment analysis, machine translation, or question answering. While these benchmarks
were helpful, they mainly focused on narrow abilities and did not reflect the broader goal
of general language understanding. As language models became more advanced, researchers
started developing benchmark suites that combine several tasks in order to evaluate a wider
range of capabilities.

One of the most well-known benchmark suites is the General Language Understanding Eval-
uation (GLUE) benchmark. GLUE was designed to test language models across multiple tasks
related to language understanding, including natural language inference and sentence similarity.
For a long time, GLUE was widely used as a standard benchmark for evaluating NLP mod-
els. However, as models continued to improve and achieved very high scores on these tasks,
researchers introduced the SuperGLUE benchmark as a more challenging version intended to
better distinguish between stronger models.

As language models grew more powerful, even larger benchmark datasets were developed.
One example is the Massive Multitask Language Understanding (MMLU) benchmark. MMLU
evaluates models using questions from a wide range of academic subjects, including mathemat-
ics, history, physics, and law. The purpose of this benchmark is to test whether language models
can apply knowledge across different domains and solve problems that require reasoning rather
than simply recognizing patterns [6].

Another large benchmark project is BIG-Bench, which was created through collaboration be-
tween researchers from different institutions. BIG-Bench contains hundreds of tasks designed to
explore different abilities of language models, including logical reasoning, commonsense knowl-
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edge, and problem solving. Because it covers such a wide range of tasks, BIG-Bench aims to
provide a broader view of how language models behave and what kinds of capabilities they
might develop as they grow more advanced [4].

Despite the benefits of these benchmark datasets, evaluating modern language models is
becoming more difficult. As models grow larger and more complex, simple benchmark scores
may no longer capture the full range of model behavior. For this reason, researchers have
started exploring more comprehensive evaluation frameworks. One example is the Holistic
Evaluation of Language Models (HELM) framework, which proposes evaluating models across
several dimensions, including accuracy, robustness, fairness, and efficiency [3].

The HELM framework highlights an important limitation of traditional benchmark evalua-
tions. A model may perform well on benchmark tasks while still having weaknesses in real-world
situations. For example, a system might achieve high scores on reasoning benchmarks but still
generate unreliable or biased responses in practical applications. This shows that benchmark
results alone may not always provide a complete picture of how capable a language model
actually is.

Overall, benchmark datasets have played a crucial role in the development of modern lan-
guage models. They allow researchers to compare different models and track improvements
over time. However, as language models continue to become more powerful, the weaknesses of
traditional benchmarks are becoming more noticeable. Understanding how benchmarks work
and what their limitations are is therefore important for analyzing the challenges involved in
evaluating modern large language models.

3 Benchmark Saturation

A major issue that has recently emerged in the evaluation of large language models is bench-
mark saturation. This occurs when models begin to achieve extremely high scores on com-
monly used benchmark datasets. When performance levels reach this point, it becomes increas-
ingly difficult to clearly distinguish between different models because many of them perform
similarly well. As a result, benchmark results may no longer provide a reliable indication of
how much progress is actually being made in language model development.

Benchmark datasets have historically played an important role in artificial intelligence re-
search. They provide standardized tasks that allow researchers to evaluate models under the
same conditions and compare their performance. For many years, this method worked well
because the tasks included in benchmark datasets were difficult for existing systems. Improve-
ments in benchmark scores typically reflected genuine advancements in model capabilities.

However, the rapid development of large language models has started to change this situa-
tion. Modern language models are trained on extremely large collections of text and use neural
networks with billions of parameters. Because of their scale and training data, these systems
are capable of solving many tasks that were once considered challenging. As a result, they often
achieve very high scores on benchmark datasets that were originally designed to test the limits
of earlier models.

This phenomenon can be observed in widely used evaluation datasets such as the Massive
Multitask Language Understanding (MMLU) benchmark. MMLU was designed to measure
how well language models perform across a wide range of academic subjects, including areas
like mathematics, physics, law, and history. The benchmark includes questions intended to test
both factual knowledge and reasoning ability. When MMLU was first introduced, it represented
a difficult evaluation challenge for language models. However, more recent models have demon-
strated strong performance on the benchmark, with some systems approaching human-level
accuracy on certain categories of tasks [6].

Although these results demonstrate the growing capabilities of modern language models,
they also illustrate the limitations of benchmarks that become saturated. When models achieve
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very high scores, the remaining differences between systems become extremely small. In these
cases, minor improvements in benchmark scores may not necessarily represent meaningful im-
provements in reasoning ability or language understanding. Instead, these changes may simply
reflect small variations in training methods or evaluation conditions.

A similar pattern can be seen in large collaborative benchmark projects such as BIG-Bench.
This benchmark was developed by a group of researchers who wanted to explore the emerging
abilities of language models. BIG-Bench contains hundreds of different tasks designed to test
a wide variety of capabilities, including logical reasoning, commonsense understanding, and
problem solving. Because of the diversity of tasks included in the benchmark, it was initially
very useful for examining how language models behaved across different types of challenges [4].

However, as models have become more capable, some tasks within BIG-Bench have become
less difficult for modern systems. Over time, this reduces the effectiveness of the benchmark
as a tool for distinguishing between models. Tasks that were once useful for evaluating model
capabilities may eventually become too easy as technology improves.

Researchers have also noted that benchmark saturation can influence how benchmark results
are interpreted. In many areas of machine learning, benchmark leaderboards are used to rank
models according to their performance scores. These rankings often receive significant attention
and are frequently used to highlight improvements in new models. However, when benchmark
scores become very high, the differences between models may be extremely small.

For instance, if several models achieve scores above ninety percent on a benchmark, the
difference between the highest-ranked system and the next best model might only be a small
fraction of a percent. In these situations, leaderboard rankings may exaggerate the significance
of these small differences. A model that appears to outperform others on a benchmark may not
necessarily represent a substantial improvement in real-world performance.

The study Lost in Benchmarks discusses this issue in depth and argues that benchmark
results can sometimes create a misleading picture of progress in artificial intelligence. According
to the authors, improvements in benchmark performance may give the impression that models
are advancing rapidly, even when the underlying improvements in reasoning or understanding
are relatively small. This makes it more difficult for researchers to interpret benchmark results
and evaluate the true progress of language model research [5].

Another related concern is the possibility of benchmark overfitting. When benchmark
performance becomes the main objective, developers may start designing models that are specif-
ically optimized to perform well on particular evaluation datasets. In such cases, a model may
achieve excellent results on benchmark tasks but still struggle when applied to new or unfamiliar
problems.

This problem becomes more likely when benchmark datasets remain unchanged for long
periods of time. Because many benchmarks are publicly available, researchers can repeatedly
test their models on the same tasks. Over time, this may allow models to learn patterns that
are specific to the benchmark datasets rather than learning general language understanding.

Because of these challenges, some researchers have begun proposing alternative approaches
to evaluating language models. One example is the Holistic Evaluation of Language Models
(HELM) framework. HELM aims to evaluate models across multiple dimensions, including
accuracy, fairness, robustness, and efficiency. By considering several aspects of model behavior
rather than relying on a single benchmark score, this framework attempts to provide a more
complete view of model performance [3].

In summary, benchmark saturation represents a significant challenge for the evaluation of
modern language models. Although benchmark datasets have played an important role in
measuring progress in the past, their usefulness may decline as models continue to improve.
Recognizing the limitations of saturated benchmarks is therefore an important step toward
developing better evaluation methods for future AI systems.

At the same time, benchmark saturation is not the only issue affecting LLM evaluation.
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Researchers have also identified other factors that can influence benchmark results, such as
benchmark data contamination and questions about whether benchmarks truly measure the
capabilities they claim to evaluate. These issues will be discussed in the following sections.

4 Benchmark Data Contamination

Another major issue that affects the evaluation of large language models is benchmark data
contamination. This problem occurs when examples from benchmark datasets appear in the
data that is used to train the models. When such overlap happens, the evaluation results
may not accurately represent the real capabilities of the model. Instead of solving new tasks
independently, the model might simply recognize patterns it has already seen during training.

Large language models are trained using extremely large collections of text gathered from
many sources. These datasets often include information from websites, books, research articles,
forums, and other publicly available materials. Because the amount of training data is so large,
it can easily contain billions or even trillions of words. While this extensive data helps models
learn many language patterns, it also increases the chance that benchmark datasets might
appear somewhere within the training data.

Many benchmark datasets are publicly available and widely used by researchers. Some
are stored in public repositories or discussed in academic publications and online resources.
Because of this widespread availability, benchmark questions may already exist in the online
content that is used to build large training datasets. When data is collected from large portions
of the internet, it becomes difficult to ensure that benchmark examples are not accidentally
included in the training process.

The main purpose of benchmark evaluation is to test how well a model can generalize to new
problems. Ideally, a model should be evaluated on data that it has never encountered before.
If the model performs well on these new tasks, it suggests that the model has learned useful
patterns or reasoning strategies. However, when benchmark examples appear in the training
data, this assumption is no longer valid. The model may simply recall previously learned
patterns rather than demonstrate genuine understanding.

This challenge becomes even more complicated because the training datasets for large lan-
guage models are often not publicly disclosed. Many organizations that develop these models
do not release the full details of the datasets used for training. This may be due to copyright
issues, privacy concerns, or the extremely large size of the datasets. However, the lack of trans-
parency makes it difficult for researchers to verify whether benchmark data was included during
training.

As a result, it is sometimes unclear whether strong benchmark performance truly reflects the
model’s ability to solve unfamiliar tasks. A model may achieve high scores simply because it en-
countered similar examples during training. In such cases, benchmark results may overestimate
the true capabilities of the system.

Researchers studying benchmark contamination have found evidence that overlaps between
training datasets and benchmark data can occur. Because modern language models are trained
on massive collections of internet text, it is extremely difficult to completely eliminate all
benchmark-related content. Even if the exact benchmark questions are not included, similar
examples or related information may still appear in the training data.

Another complication is that contamination does not always involve identical copies of
benchmark questions. In many cases, benchmark examples may appear in slightly altered
forms. For example, a question might be paraphrased, partially quoted, or embedded within
another document. Even small similarities between training data and benchmark questions can
influence how the model responds during evaluation. These indirect forms of contamination are
particularly difficult to detect.

The study Benchmark Data Contamination of Large Language Models highlights how widespread

6



this problem may be. The authors argue that as training datasets grow larger and more diverse,
the probability of contamination increases. Since benchmark datasets have often been publicly
available for many years, they are more likely to appear somewhere within the large training
corpora used for modern models [2].

This situation raises important concerns for researchers who want to evaluate language
models fairly. If benchmark data is included in training datasets, benchmark scores may give
an inflated impression of model performance. A model that performs well on a benchmark might
simply be recalling information from training rather than demonstrating genuine reasoning or
problem-solving abilities.

Benchmark contamination can also make it more difficult to compare different models. When
models are trained on different datasets, the amount of benchmark-related content in their
training data may vary. If one model happens to include more benchmark examples in its
training data, it might achieve higher evaluation scores even if its overall capabilities are similar
to other models.

In addition, contamination can occur in different ways. Sometimes the exact benchmark
questions appear in the training data. In other cases, the model may encounter related examples
that indirectly help it answer the benchmark tasks more effectively. Even a small amount of
exposure to similar questions can influence the model’s performance during evaluation.

Researchers have proposed several possible strategies to reduce the impact of benchmark
contamination. One approach is to carefully filter training datasets to remove known benchmark
examples before training begins. This can involve searching the training data for exact matches
or similar patterns related to benchmark questions. However, this task becomes extremely
difficult when training datasets contain billions of documents.

Another strategy is to develop benchmark datasets that remain private until the evaluation
stage. In this approach, the benchmark questions are not released publicly while models are
being trained. Because the model does not have access to the benchmark data during training,
researchers can be more confident that the evaluation results reflect genuine generalization
rather than memorization.

Some researchers have also suggested the use of dynamic benchmarks that change over
time. Instead of relying on a fixed set of evaluation questions, new tasks could be introduced
periodically. This would make it more difficult for models to memorize the evaluation data,
since the benchmark would evolve as models improve.

Another promising idea is to design benchmarks that focus more on reasoning and multi-
step problem solving rather than simple factual recall. Tasks that require deeper reasoning may
be less likely to benefit from memorized training examples. These types of evaluations may
provide a better indication of a model’s true abilities.

Despite these proposed solutions, eliminating benchmark contamination completely remains
extremely challenging. Because large language models are trained on enormous datasets col-
lected from many sources, it is almost impossible to guarantee that benchmark-related content
is not included somewhere in the data. Even if exact benchmark questions are removed, similar
information may still appear elsewhere in the dataset.

This issue reflects a broader challenge in evaluating modern AI systems. As models become
more powerful and training datasets continue to grow, traditional evaluation methods may
become less reliable. Benchmark contamination illustrates how the scale of modern machine
learning systems can introduce new difficulties when trying to measure progress accurately.

Overall, benchmark data contamination represents a serious limitation in the evaluation of
large language models. When benchmark data overlaps with training data, evaluation results
may not accurately represent a model’s true capabilities. Instead, models may appear more
capable than they actually are because they have already encountered similar examples during
training.

Addressing this problem will require improved dataset management, greater transparency
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regarding training data, and new approaches to model evaluation. By developing better tech-
niques to detect and prevent contamination, researchers can improve the reliability of bench-
mark evaluations and gain a clearer understanding of the real progress being made in artificial
intelligence.

At the same time, contamination is only one part of a broader set of challenges related
to evaluating large language models. Researchers have also questioned whether benchmark
datasets truly measure the capabilities they claim to evaluate. This issue, known as construct
validity, will be discussed in the next section.

5 Construct Validity in LLM Benchmarks

Besides benchmark saturation and benchmark data contamination, researchers have also iden-
tified another major challenge in evaluating large language models: construct validity. Con-
struct validity refers to whether a benchmark actually measures the ability it claims to assess. In
other words, if a benchmark is intended to test skills such as reasoning, knowledge, or language
comprehension, the tasks included in that benchmark should genuinely require those abilities.
If this is not the case, the benchmark may give a misleading impression of how capable a model
truly is [7].

The idea of construct validity originates from disciplines such as psychology and educational
testing. In those fields, researchers often design assessments to measure abstract abilities like
intelligence, problem-solving skills, or reading comprehension. Since these abilities cannot be
observed directly, tests must be carefully constructed so that performance on the test accurately
reflects the intended skill. If a test does not measure the correct ability, the results may lead
to incorrect interpretations. A similar concern arises when designing benchmarks for large
language models [7].

In natural language processing research, many benchmarks claim to measure complex abil-
ities such as logical reasoning, commonsense understanding, or general knowledge. However,
there is growing concern among researchers that these benchmarks may not actually capture
the abilities they claim to evaluate. A language model may achieve a high score on a benchmark
without necessarily demonstrating the deeper reasoning or understanding that the benchmark
is supposed to measure [7].

One reason for this issue is that many benchmark tasks use simplified evaluation formats,
such as multiple-choice questions or short responses. These formats make it easier to evaluate
models automatically and allow results to be compared across different systems. However,
simplified tasks may not represent the complexity of real reasoning or language understanding.
Instead of genuinely solving the task, models may learn to recognize patterns or statistical cues
within the dataset [7].

For example, some benchmarks are designed to measure reasoning ability by presenting
questions that appear to require logical thinking. However, studies have shown that language
models can sometimes answer such questions correctly by relying on surface-level patterns in
the dataset rather than performing actual reasoning. In these cases, the model may identify
correlations between certain types of questions and particular answers. As a result, benchmark
performance may suggest strong reasoning ability even if the model is mainly using pattern
recognition [7].

Another challenge related to construct validity is that benchmarks may unintentionally
measure abilities other than those they were designed to test. For instance, a benchmark
intended to evaluate reasoning may also depend heavily on factual knowledge. If a model
answers a question correctly because it remembers information from its training data, the result
may appear to demonstrate reasoning ability even though the model simply retrieved stored
knowledge [7].

This problem becomes especially significant for large language models because they are
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trained on extremely large datasets that contain vast amounts of information. As a result,
these models often possess extensive factual knowledge. When benchmarks involve questions
that rely on factual information, it can be difficult to determine whether the model solved the
problem through reasoning or simply recalled information from its training data [7].

Researchers have also identified cases where datasets contain artifacts, which are patterns
or biases that allow models to predict answers without solving the intended task. For example,
certain words or phrases in a question might be strongly associated with particular answer
choices. If a model learns these correlations, it may achieve high accuracy without actually
understanding the problem being presented [7].

Because of these issues, some researchers argue that improvements in benchmark scores
may sometimes create a misleading impression of progress in artificial intelligence. Models
may appear to improve significantly on benchmark leaderboards, even though the underlying
improvement in reasoning or understanding may be relatively small [5].

Another concern is that many benchmark tasks are far simpler than the situations language
models encounter in real-world applications. Benchmarks typically consist of short, clearly
structured tasks with predefined answers. In contrast, real-world interactions with language
models often involve open-ended questions, follow-up conversations, and ambiguous instructions.
Because of this difference, strong benchmark performance does not always translate into strong
real-world performance [7].

Construct validity problems can also interact with other issues in language model evalua-
tion. For example, if a benchmark does not properly measure the intended capability, models
may achieve high scores by exploiting shortcuts in the dataset. Over time, this can contribute
to benchmark saturation, where models achieve extremely high scores without meaningful im-
provements in the underlying capability [5].

Similarly, benchmark data contamination can further complicate the interpretation of eval-
uation results. If benchmark questions appear in the training data used to train the model,
the model may perform well simply because it has encountered similar examples before. When
contamination and weak construct validity occur together, it becomes even more difficult to
determine whether improvements in benchmark scores represent genuine progress [1].

Researchers have proposed several ways to improve the design of benchmarks in order to
address these concerns. One important step is to clearly define the abilities that benchmarks
are intended to measure. By specifying the target capability more precisely, researchers can
design tasks that better capture the intended skill [7].

Another approach is to create evaluation tasks that require deeper reasoning or multiple
steps of problem solving. For example, instead of asking models to choose an answer from a
set of options, benchmarks could require models to generate explanations or demonstrate their
reasoning process. Tasks that require structured reasoning may provide stronger evidence that
a model truly understands the problem [7].

Researchers have also suggested evaluating models across a wider variety of tasks and do-
mains. Instead of relying on a single benchmark score, evaluation frameworks can analyze
performance across multiple benchmarks and real-world scenarios. This broader evaluation
strategy may provide a more accurate picture of a model’s strengths and weaknesses [1].

Despite these improvements, construct validity remains a significant challenge in evaluating
large language models. As models continue to grow in scale and complexity, designing bench-
marks that accurately measure their capabilities becomes increasingly difficult. Evaluation
methods will therefore need to continue evolving alongside advances in AI.

Ensuring strong construct validity is essential for accurately assessing progress in artificial
intelligence. If benchmarks fail to measure the abilities they claim to evaluate, researchers
may draw incorrect conclusions about how advanced language models actually are. By improv-
ing benchmark design and developing more comprehensive evaluation methods, the research
community can gain a clearer understanding of the real capabilities and limitations of modern
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language models [7].
When considered together with benchmark saturation and benchmark data contamination,

construct validity concerns highlight broader limitations in current LLM evaluation practices.
While benchmarks have played an important role in advancing natural language processing
research, it is becoming increasingly clear that traditional evaluation methods may not fully
capture the capabilities of modern language models [1].

6 Discussion

The challenges examined in the previous sections—benchmark saturation, benchmark data con-
tamination, and issues related to construct validity—reveal several important weaknesses in how
large language models are currently evaluated. For many years, benchmark datasets have been
a central tool in natural language processing research, allowing researchers to compare models
and track progress. However, as language models continue to grow in scale and capability, these
traditional evaluation approaches are becoming less reliable for measuring their true abilities.

A key point to consider is that these three challenges are closely related and often influence
each other. Benchmark saturation, for example, happens when language models achieve very
high scores on commonly used evaluation datasets. When most models perform extremely
well on the same benchmarks, it becomes difficult to clearly differentiate between them. Small
differences in scores may no longer represent meaningful improvements in model capabilities. In
many situations, saturation does not necessarily mean that language models have reached their
limits. Instead, it may indicate that the benchmark tasks themselves are no longer difficult
enough for modern systems [5].

Benchmark data contamination introduces another complication. When evaluation examples
appear within the training data used to build language models, the models may effectively
memorize parts of the benchmark dataset. If this occurs, strong benchmark performance may
not reflect genuine reasoning or generalization ability. Instead, it may simply reflect the model’s
familiarity with the evaluation data. When benchmark contamination occurs together with
benchmark saturation, the reliability of benchmark scores becomes even more uncertain [2].

Construct validity further complicates the evaluation process. Even when a benchmark
dataset is difficult and free from contamination, it may still fail to measure the capability it is
intended to test. For example, a benchmark designed to evaluate reasoning ability might allow
models to obtain correct answers by exploiting patterns in the dataset or recalling memorized
information. In these situations, the benchmark results may suggest that a model can reason
effectively even though the model may not actually be performing genuine reasoning [7].

When these issues are considered together, they suggest that benchmark performance alone
cannot provide a complete understanding of language model capabilities. In many research
publications and public discussions, improvements in benchmark scores are often presented as
evidence that artificial intelligence is advancing rapidly. However, if the benchmarks themselves
have significant limitations, these improvements may not necessarily correspond to meaningful
progress in reasoning, understanding, or general intelligence.

Another important consequence of this situation is that benchmark leaderboards may un-
intentionally influence the direction of research. Because benchmark scores are frequently used
to rank models, researchers may prioritize improving performance on these specific datasets.
While this can produce impressive results in benchmark evaluations, it does not always lead to
improvements in broader model capabilities or real-world performance.

This situation is sometimes referred to as “benchmark overfitting.” Just as models can
overfit the data used during training, they can also become highly specialized for particular
evaluation datasets. In such cases, improvements in benchmark scores may not generalize well
to new tasks or different environments.

These challenges have led researchers to explore alternative methods for evaluating large
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language models. One possible solution is the development of dynamic benchmarks, which are
updated regularly with new tasks. By introducing new evaluation problems over time, dynamic
benchmarks make it more difficult for models to memorize specific datasets and help ensure
that evaluation remains meaningful as models improve.

Another promising direction is to evaluate models across multiple dimensions rather than
relying solely on accuracy. Some evaluation frameworks aim to measure additional aspects of
model performance, including robustness, fairness, safety, and efficiency. By examining several
aspects of model behavior, researchers may gain a more comprehensive understanding of how
language models perform across different situations [3].

Human evaluation can also play a valuable role in addressing some of the limitations of
automated benchmarks. While automated metrics are useful for comparing models quickly
and consistently, they may overlook certain aspects of language quality. Human evaluators can
assess qualities such as reasoning clarity, coherence, and contextual appropriateness—factors
that are often difficult to capture using numerical metrics alone.

Another reason why evaluation has become more difficult is the growing scale and flexibility
of modern language models. Earlier natural language processing systems were typically designed
for a single task, such as translation or sentiment analysis. Because those tasks were clearly
defined, it was easier to create benchmarks that directly measured performance. In contrast,
modern large language models are designed to perform many different tasks using the same
system. As a result, evaluating their capabilities using only a small number of fixed benchmarks
may not adequately capture the full range of their abilities [1].

Despite these challenges, benchmarks continue to play an important role in AI research.
They provide a shared standard for comparing models and have historically helped drive sig-
nificant improvements in natural language processing. The goal, therefore, is not to eliminate
benchmarks entirely but to improve the way they are designed and applied.

Future research on language model evaluation will likely involve a combination of improved
benchmark design, better control over training data, and more diverse evaluation strategies. For
example, researchers may need to design datasets that are less vulnerable to dataset artifacts
and contamination. In addition, clearer definitions of the abilities being measured—such as
reasoning or knowledge—could help strengthen the validity of evaluation benchmarks.

Another promising direction is to develop evaluation methods that more closely reflect real-
world applications. Instead of focusing only on isolated tasks, future benchmarks may place
models in interactive scenarios that resemble real user interactions. These types of evaluations
could provide deeper insights into how language models behave when deployed in practical
environments.

Overall, evaluating large language models is becoming increasingly complex as these systems
continue to grow in size and capability. The benchmark-based evaluation methods that were
effective for earlier NLP models may not be sufficient for modern general-purpose language
models. As a result, evaluation methods must evolve alongside the models themselves.

Recognizing the limitations of current benchmarking practices is therefore an important
step toward developing more reliable evaluation frameworks. By addressing issues such as
benchmark saturation, data contamination, and construct validity, researchers can create more
accurate methods for assessing language model performance and gain a better understanding
of the true progress being made in artificial intelligence.

7 Conclusion

The rapid progress of large language models has significantly reshaped research in artificial intel-
ligence and natural language processing. In recent years, these models have demonstrated strong
performance across many different tasks, including answering complex questions, translating
languages, summarizing long texts, and generating coherent responses. Benchmark datasets
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have been widely used to monitor this progress by providing standardized tasks that allow
researchers to compare models and measure improvements over time. However, as language
models become increasingly powerful, the effectiveness of traditional benchmarking methods
has begun to come into question.

This report focused on three major challenges that influence how large language models are
evaluated today: benchmark saturation, benchmark data contamination, and problems related
to construct validity. Each of these issues raises concerns about how accurately current evalu-
ation methods reflect the real capabilities of modern language models. Although benchmarks
remain a valuable tool in AI research, their results may not always provide a complete or reliable
picture of model performance.

The first challenge discussed was benchmark saturation. As language models continue to
improve, many widely used evaluation datasets are becoming easier for them to solve. When
several models achieve very high scores on the same benchmark, it becomes difficult to clearly
identify meaningful differences between them. Small variations in performance may appear
important even though they do not necessarily represent significant improvements in a model’s
underlying abilities. This situation suggests that some benchmarks that were once useful for
evaluating models may no longer be sufficiently challenging for today’s systems.

Another important issue is benchmark data contamination. Large language models are
trained on enormous collections of text gathered from a wide range of sources, including websites,
books, and other publicly available material. Because benchmark datasets are often publicly
accessible, it is possible that some benchmark examples appear in the training data used to
build these models. When this occurs, a model may perform well on a benchmark not because
it understands the task, but because it has already encountered similar examples during training.
In such cases, benchmark results may reflect memorization rather than genuine reasoning or
generalization.

The third problem examined in this report concerns construct validity. Construct valid-
ity refers to whether a benchmark truly measures the ability it is intended to assess. Many
benchmarks attempt to evaluate complex capabilities such as reasoning, knowledge, or com-
monsense understanding. However, research has shown that models can sometimes achieve
strong performance on these benchmarks by identifying patterns in the data or recalling mem-
orized information. When this happens, the benchmark may appear to measure a particular
ability even though the model may not actually demonstrate that capability in a meaningful
way.

When these three issues are considered together, they reveal a broader challenge in the
evaluation of large language models. If benchmarks become saturated, contain contaminated
data, or fail to accurately measure the intended abilities, then the conclusions drawn from
benchmark results may be unreliable. Under these circumstances, improvements in benchmark
performance may not necessarily correspond to genuine advances in artificial intelligence.

Despite these challenges, benchmark datasets continue to play an important role in AI re-
search. They provide a common framework that allows researchers to compare models and
replicate experimental results. The goal should therefore not be to eliminate benchmarks alto-
gether, but rather to improve the ways in which they are developed and applied. As language
models evolve, evaluation methods must also adapt in order to remain effective.

Future research on model evaluation may focus on developing more flexible and robust
evaluation frameworks. One possible direction is the use of dynamic benchmarks that introduce
new tasks over time, making it harder for models to simply memorize evaluation datasets.
Another promising approach is to assess models across multiple dimensions rather than focusing
only on accuracy. For instance, future evaluation systems may also consider factors such as
robustness, safety, fairness, and reliability.

Human evaluation may also contribute to improving the assessment of language models.
While automated evaluation methods allow researchers to quickly compare models, they may
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overlook certain aspects of language quality. Human evaluators can assess characteristics such
as reasoning clarity, coherence, and contextual appropriateness that are difficult to measure
automatically. Combining automated evaluation with human judgment may therefore provide
a more comprehensive understanding of model performance.

Another important direction for future work is the development of evaluation tasks that
more closely resemble real-world applications. In practice, language models often interact with
users in complex and unpredictable environments. Evaluating models in these types of settings
may provide better insights into how they perform outside of controlled benchmark scenarios.

In summary, the challenges of benchmark saturation, benchmark data contamination, and
construct validity highlight important weaknesses in current evaluation practices for large lan-
guage models. Although benchmarks have historically played a key role in measuring progress in
artificial intelligence, their limitations are becoming more evident as models continue to advance.
Addressing these challenges will require improved benchmark design, more diverse evaluation
methods, and a broader understanding of what it means for a language model to demonstrate
true intelligence. By developing more reliable evaluation frameworks, researchers can better
assess the progress being made in artificial intelligence and ensure that future advancements
are measured more accurately.
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