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Measuring IA Cognitive Competences: A Gap in Current Benchmarks

Enrique Amigé', Roser Morante?, Julio Gonzalo', Laura Plaza'
I NLP&IR Group — UNED, Spain; 2HiTZ Center — Ixa, University of the Basque Country UPV/EHU

Abstract

To what extent do current LLM benchmarks pose the same rea-
soning challenges that arise in real-world settings? Instead of
relying on anthropocentric notions, here we analyze the cog-
nitive competences demanded by a benchmark in terms of (a)
formal complexity (e.g. number of inference steps required to
reach the desired answer) and (b) amount of contextual inter-
pretation needed to reduce language ambiguity to a level where
the required inference can be performed. Our analysis of a
representative sample of benchmarks reveals that there are al-
most no benchmarks with both, high formal complexity and
high contextual interpretation requirements. This limitation
may help explain the discrepancy between the strong bench-
mark performance of language models and the shortcomings
observed when these models are deployed in real world appli-
cations.

Keywords: Large language models; cognitive competences;
reasoning; meaning; artificial intelligence.

Introduction

Large language models (LLMs) have become central tools
for the study of linguistic and cognitive processes, prompt-
ing extensive discussion about whether they possess cognitive
competences comparable to those observed in humans. De-
spite the achievements of LLMs, their high performance on
many established benchmarks contrasts sharply with the in-
consistent behavior observed in real world settings (Wu et al.,
2024; Kazemi et al., 2025; Wei et al., 2026). This disparity
suggests that high benchmark scores do not necessarily re-
flect the breadth of capabilities required in practical applica-
tions, especially when dataset artifacts, memorization effects,
or shortcut strategies allow models to perform well without
engaging in the conceptual operations that benchmarks are
intended to assess.

One reason for this mismatch is that prevailing definitions
of competences are largely grounded in human-centered cog-
nitive skills. Many studies assess the cognitive capabilities of
Al systems through broad and loosely defined reasoning cat-
egories, such as logical, argumentative, deductive, abductive,
critical, decompositional, multi hop, or mathematical reason-
ing (Guo et al., 2023; H. Liu et al., 2025). Relying exclu-
sively on these anthropocentric categories risks obscuring the
distinctive capacities of large language models and can simul-
taneously underestimate their strengths while overestimat-
ing their ability to reproduce human-like reasoning (Mitchell,
2019; Milliere & Rathkopf, 2026).

Moreover, benchmarks that are supposed to assess the
same reasoning skill may rely on substantially different cog-
nitive demands. For example, two benchmarks may be
equally described as testing deductive competences, but one
may only requires combining explicit rules provided in the in-
put (e.g. a purely mathematical task), whereas the other may

also involve strong contextual disambiguation that exploits
real-world knowledge.

Other works address less formal aspects, such as flexible
reasoning (Kim et al., 2025), coherence of conceptual struc-
tures across tasks (Suresh et al., 2023), or adaptability to
novel situations (Valiente & Pilly, 2025; Zhu et al., 2024).
Although the literature consistently shows that these aspects
remain significant limitations of current Al systems, it is still
necessary to specify which underlying cognitive mechanisms
are intended to be measured through evaluation on existing
benchmarks.

In this work, we conduct a qualitative analysis of a repre-
sentative set of existing benchmarks, with a specific focus on
their meaning reduction requirements. That is, given the full
space of possible meanings of the texts involved in the task,
performing complex inference requires reducing this space,
on the basis of contextual information, to the meaning inter-
pretations that allow to establish logical implications.

From this perspective, we characterize (reasoning) cogni-
tive competences along two complementary dimensions, and
analyze benchmarks by placing them within these two dimen-
sional space. On the one hand, formal complexity captures
the number of elements and deterministic relations, or the
length of reasoning chains, that must be handled to solve a
task. On the other hand, the contextual scope of meaning
reduction refers to the type of context that must be handled
to carry out meaning reduction, ranging from implication re-
lations explicitly stated in the input to the ambiguity reduction
that requires applying real-world contextual constraints.

Our contributions are the following: (i) We propose to
characterize the cognitive competences required by LLM
evaluation benchmarks on the basis of their meaning re-
duction and formal complexity requirements. (ii) We ana-
lyze over fifty existing benchmarks in terms of the proposed
schema. (iii) Our analysis reveals that there is a substan-
tial lack of benchmarks with tasks that combine both high
formal complexity and context-aware meaning reduction.
This result suggests that, despite the remarkable capabilities
exhibited by current generative Al technology, there are fun-
damental aspects of its cognitive competences that are not
being properly measured. This inadequacy may help explain-
ing the discrepancy between the scores obtained in evaluation
benchmarks and the limitations observed when these systems
are deployed in real world settings.

The Need for Meaning Reduction
in Cognitively Demanding Tasks

The observation that identifying and applying inferential
relations between textual expressions or statements re-
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quires narrowing the space of possible meanings is not
new (MacCartney & Manning, 2007). However, in this sec-
tion we argue that meaning reduction becomes increasingly
central as machine learning systems reach higher levels of
cognitive competence. To this end, we introduce the no-
tions of meaning space and meaning reduction, and examine
their role in cognitively demanding tasks. Finally, we specify
the two dimensions along which benchmarks are analyzed,
namely formal complexity and contextual scope.

The Meaning Space

We assume that LLMs evaluated through cognitive compe-
tence benchmarks take as input a collection of textual state-
ments, both during training and at inference time, and that
each statement is associated with an underlying meaning.
However, the concept of meaning is fuzzy, and it can be
supported by different linguistic theories such as referen-
tial meaning theory (Lycan, 2018), use based, ideational
(Gelepithis, 1988), or verificationist (Schrenk, 2008) theories.

Regardless of the theory of meaning we consider most ap-
propriate, for our purposes we only need to assume that be-
hind any expression lies a set of possible meanings. Note
that these sets of possible meanings may be fuzzy, rather than
discrete. This interpretation of meaning aligns with formal
semantics frameworks such as Situation Semantics (Barwise
& Perry, 1981), where there exists a universal space of sit-
uations, and a linguistic expression does not denote a single
value but rather the set of situations in which the expression is
true, appropriate, or informationally compatible. It also con-
nects with Montague’s Intensional Semantics, where mean-
ing is defined as the set of worlds in which the expression
is true (Montague, 1973). It also relates to Probabilistic Se-
mantics, where an expression corresponds to a structured re-
gion within the semantic space, characterized by graded un-
certainty (Goodman & Lassiter, 2015).

Figure 1 exemplifies this idea. Given two expressions A
and B, both are associated with a subset of possible meanings
belonging to the global meaning space. Expression B is in
principle more general than A, given that soccer is more spe-
cific than sport. Therefore, A connects with a smaller subset
of possible meanings. However, there are possible meanings
of the second expression that are not shared with the mean-
ings of the first expression. For example, the second expres-
sion could refer to a computer game, in which case that mean-
ing would not fit the first expression.

Meaning Reduction vs. Al Competences

Starting from this space of meanings, and setting aside an-
thropocentric considerations, we can analyze the different
competences that Al paradigms have developed over time.
First, meaning generalization covers tasks that require
broadening the meanings associated with the input so that ex-
pressions, text fragments, or documents in the input or in the
collection can be matched. For instance, in Figure 1, a textual
similarity detection task between expressions A and B can be

B: “A group of
men are
A:“A men's exercising.”’
soccer mokch
Meaning Meaning

generalization / \ reduction

Meaning
generation

“A mewn’s football
malkch on a large
grass field!

Figure 1: The meaning space and meaning oriented cognitive
competences.

interpreted as requiring a generalization of both meanings so
that the two expressions can be treated as equivalent.

Meaning generalization underlies many tasks addressed by
traditional discriminative Al systems, such as text classifica-
tion, in which input texts are generalized into predefined cat-
egories. Information retrieval can also be viewed within this
paradigm, since a relevant document in the collection, which
is typically more specific than the query, is generalized in or-
der to match it with the query. A similar principle applies to
clustering and topic detection tasks.

At a second competence level, the system not only estab-
lishes relations between existing meanings, but also gener-
ates text that conveys new meanings. We refer to this level
as meaning generation. For example, in Figure 1, the sys-
tem produces an extended text that increases the specificity
of the input texts, in the sense that its meaning lies in the
intersection of the sets of possible meanings associated with
expressions A and B.

Meaning generation is actually the natural competence of
generative systems based on LLM’s. Note that, in gen-

eral, extending a sequence (W;_,,...,w;—1) with a con-
tinuation (wj,...,witn) that maximizes P(w;,..., Wity |
Wi_n,...,wi_1) yields an extended text whose meaning is

more specific than that of the original sequence.! Although
this competence level does not necessarily rely on explicit
logical structures or symbolic inference, it is often sufficient

'Note that there are some exceptions, for instance, when adding
disjunctive statements.
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to support conversational systems and to exhibit argumenta-
tive behavior. However, as widely documented in the litera-
ture, it entails a substantial risk of hallucination, internal in-
consistency, and limited interpretability.

In this work, we focus on a higher competence level, which
we refer to as meaning reduction, which is closely related to
the notion of deductive reasoning and rule induction. Identi-
fying entailment relations between input statements is a fun-
damental component of many reasoning processes, whether
the goal is to derive hypotheses, induce rules, or perform
other forms of inference. Within the meaning space intro-
duced above, entailment relationships can be conceptualized
as an strict inclusion relation between meanings, which re-
quires reducing their space of possible meanings.

For example, in the case of Figure 1, establishing a strict
implication requires assuming that a soccer match necessarily
involves physical exercise, so that the set of possible mean-
ings of A can be regarded as a subset of possible meanings
of B. This, however, requires introducing assumptions or im-
posing constraints. One must assume that the subjects are not
playing a video game, or that they are actually playing rather
than merely planning a match. In such situations, inference
becomes possible only after restricting the sets of possible
meanings in order to establish a subsumption relation.

According to this perspective, the meaning reduction com-
petence level needs to be evaluated with tasks and bench-
marks that require reducing the set of possible interpretations
of the input expressions in order to establish strict subsump-
tion relations, and therefore implications. Examples of tasks
requiring meaning reduction are natural language inference
and answering questionnaires involving logical problems.?

Note that the meaning reduction competence covers and
goes beyond meaning generalization and meaning generation.
Meaning reduction involves the progressive restriction of the
possible meanings space, driven by task constraints, seman-
tic context, and the need to identify deterministic inferential
relationships between statements, rather than merely linking
meanings or generating text based on patterns internalized
during pretraining. Acquiring these competencies might re-
quire new paradigms, such as neuro-symbolic approaches.

In terms of evaluation benchmarks, ensuring that a task
requires meaning reduction can be challenging. For in-
stance, (Z. Liu, Yu, & He, 2025) show that removing example
demonstrations does not reduce the ability to induce classifi-
cation rules. This indicates that the LLM is in fact relying on
model prior, rather than performing genuine meaning reduc-
tion and inference.

Formal Complexity vs. Contextual Scope

In this article, we conduct a qualitative analysis of bench-
marks that require meaning reduction along two dimensions.
The first dimension is formal complexity, which we take to
capture aspects such as the number of variables involved

ZNote that mathematical functions also fall under this interpreta-
tion, since they can be understood semantically as implication rela-
tions, for example 2 A3 A sum = 5.

in a single decision (Andrews & Halford, 2002), the arity
and structure of the relations involved (Halford, Wilson, &
Phillips, 1998), the number and structure of logical operators,
(Salto, Requena, Alvarez—Merino, Antén-Toro, & Maestd,
2021), or the number of steps required by the inference
(Johnson-Laird, 2006). For our purposes, we do not need
to define a precise function. It is sufficient to identify types
of benchmarks whose formal complexity increases along all
these aspects with respect to another benchmark.

The second is the contextual scope of meaning reduction,
which refers to how explicit the contextual information is
that determines the strict relations of implication among state-
ments. It can be described by the following three categories:

i) Explicit Relational Structures: When meaning is de-
termined by explicit logical relations or by strict formal rules
stated in the prompt or in the training data. This occurs, for
example, in mathematical problem solving. A characteristic
of these benchmarks is that the symbols or expressions refer-
ring to the related entities can be modified without affecting
the problem itself.?

ii) Context Independent Semantics: When meaning de-
pends on the interpretation of phrases within natural language
in isolation from any particular scenario. In this case, im-
plication relations are not explicitly stated but follow from
the general semantics of the input expressions. For example,
“John eats an apple” versus “John nourishes himself”. The
semantic interpretation involved here is general and operates
at the sentence level, independently of any broader context.

iii) Context Dependent Semantics: When meaning inter-
pretation requires a specific situational or domain context.
In this case, implication relations cannot be derived from
linguistic meanings alone. The specificity of the required
context forms a continuum, ranging from broad intellectual
frameworks such as Descartes’ philosophy to highly concrete
scenarios such as administrative procedures in a particular in-
stitution or company.

Notice that the relationship between formal complexity and
meaning reduction is bidirectional, in the sense that implica-
tion relations are not merely the result of meaning reduction.
Rather, the process of reducing meanings in order to solve a
problem is itself guided by the implication relations that can
be established among the candidate interpretations.

Analysis of Cognitive Competence Benchmarks

In this and the following subsections, we analyze benchmarks
that require meaning reduction. Figure 2 presents the bench-
marks organized according to the two factors previously de-
scribed. As a point of reference, a high level of formal com-
plexity with no context meaning dependence is reached by
a Prolog compilation or by an inductive logic programming
system. At the other extreme, ontology learning involves a
high degree of meaning reduction, although not formal com-

3For example, in a logical problem where implication relations
between propositions are specified, each of these propositions can
be replaced by symbols.
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Figure 2: Categorization of core competence benchmarks according to two factors: context needed to perform meaning reduc-
tion (vertical axis) and formal complexity (horizontal axis). The type of output is color-encoded (see box in the upper right
corner). Benchmarks with bold borders include automatically generated test cases.

plexity in terms of problem solving.

Two important considerations must be kept in mind when
interpreting this figure. First, the figure is not the result of
applying any quantitative metric, but rather of ordering the
benchmark sets according to the comparative analysis de-
scribed throughout this section. Second, our goal is not to
provide an exhaustive survey, but to examine a representative
subset that allows us to shed light on what type of tasks and
data are included in benchmarks in order to evaluate the tar-
geted cognitive competences.

The datasets are color-coded according to the type of
output, namely: discriminative tasks in yellow (e.g., NLI,
multiple-choice), short free-text answers in green, long an-
swers in purple, and formal language outputs in blue.*

4Note that some benchmarks appear more than once, as they may
be associated with different tasks. If the benchmark does not have a
name, we refer to it with the name of the author or model which was

Explicit Relational Structure Benchmarks

The lower part of the figure includes benchmarks in which
meaning reduction is achieved through formal relations ex-
plicitly expressed in the input and training data. In a first cat-
egory, we find benchmarks based on logical problems, where
the input combines logical expressions and natural language,
such as LOGICINFERENCE (Ontanon, Ainslie, Cvicek, &
Fisher, 2022) or LOGIQA (J. Liu et al., 2020). Some bench-
marks such as RULETAKER (Clark, Tafjord, & Richardson,
2020), JustLoGIC (M. K. Chen, Zhang, & Tao, 2025), LOG-
ICASKER (Wan et al., 2024) and BABI (Weston et al., 2015)
avoid contamination by using synthetically generated logic
questions. Other benchmarks increase difficulty by mod-
ifying linguistic expressions so that words no longer con-
vey natural semantic cues (Tang et al., 2023), or by manip-

presented with.
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ulating term probabilities to weaken distributional semantic
signals (McCoy, Yao, Friedman, Hardy, & Griffiths, 2024).
Additional formal complexity is introduced through classic
logic problems such as syllogisms or the Wason selection task
(Eisape et al., 2024; Dasgupta et al., 2024).

From logic problems, the benchmark landscape expands to
mathematical reasoning tasks such as those found in GSM8K
(Cobbe et al., 2021) and MATH (Hendrycks et al., 2021).
We have placed this group on the right assuming that math-
ematical problems involve greater formal complexity aspects
than logical problems. Interestingly, explicitly including the
solution in the input can lead models to over reason, as
shown in GSM8K ZERO (Chiang & Lee, 2024). Further
sources of complexity include the reordering of premises in
R-GSM (X. Chen, Chi, Wang, & Zhou, 2024), functional
transformations (Srivastava et al., 2024; Stolfo, Jin, Shridhar,
Schoelkopf, & Sachan, 2023), and ill defined problem set-
tings such as those in VCSEARCH (S.-Y. Tian et al., 2025).

A final group of benchmarks evaluates not only the final re-
sult, but also the reasoning process itself. This increases for-
mal complexity insofar as it requires identifying the number
of reasoning steps required. However, it requires benchmarks
to explicitly specify entailment relations. We have placed this
group accordingly.

PRONTOQA poses first order logical problems generated
from synthetic world models, producing instances that re-
quire long chains of reasoning steps (Saparov & He, 2023).
Other benchmarks require the system output to be expressed
in a formal language, making it possible to validate both the
final answer and the full chain of reasoning. In PROOFWRIT-
TER (Tafjord, Dalvi, & Clark, 2021), RULETAKER is ex-
tended to evaluate the ability of systems to produce formal
proofs that are assessed in terms of proof correctness. In
FLD (Morishita, Morio, Yamaguchi, & Sogawa, 2023), for-
mal complexity is increased by instructing annotators to gen-
erate implication rules and by introducing factual distractors.
PLANBENCH introduces small robot and object worlds in
which actions must be chained step by step in order to achieve
a goal (Valmeekam, Marquez, Olmo, Sreedharan, & Kamb-
hampati, 2023). (Jiang et al., 2025) evaluate LLM reason-
ing chains across multiple formats, including Python, natu-
ral language, formal language, and mixed representations. In
LoGIcNLI (J. Tian et al., 2021), rules are generated auto-
matically, including contradictions and paradoxes. While the
system does not need to explicitly generate the chain of rea-
soning, the traceability of the answer is still evaluated.

Context Independent Semantics Benchmarks

In the benchmarks reviewed below, entailment relations re-
quire the semantic interpretation of textual statements. With
a minimal degree of logical complexity (left area in the fig-
ure), we find textual entailment benchmarks. Some exam-
ples include SNLI (Bowman, Angeli, Potts, & Manning,
2015), MULTI-NLI (Williams, Nangia, & Bowman, 2018)
and CONJ-NLI (Saha, Nie, & Bansal, 2020). The latter intro-
duces a higher degree of formal complexity through the use of

coordinating conjunctions. Formal complexity increases sig-
nificantly in multiple sentence entailment benchmarks such
as MPE (Lai, Bisk, & Hockenmaier, 2017), and in entail-
ment tree benchmarks such as ENTAILMENT-BANK (Dalvi
et al., 2021). FOLIO, in turn, incorporates the translation of
natural language into formal languages (Han et al., 2024).

In other benchmarks, the task consists of describing rela-
tions between concepts or statements in textual format, as
in COMMONGEN (Lin et al., 2020) or E-CARE (Du, Ding,
Xiong, Liu, & Qin, 2022). Within tasks that require sentence
level semantic interpretation, the context can be further en-
riched by introducing conversational settings, as in the case
of ENTITY DEDUCTION GAME (Zhang, Lu, & Jaitly, 2024).
These problems are more demanding than NLI tasks in terms
of meaning reduction, although not in terms of formal com-
plexity, so we place them above the previous group.

Another category comprises logical implication question
answering benchmarks in which the answer requires deduc-
ing implication relations between facts. These tasks involve
greater formal complexity and a higher degree of mean-
ing reduction than NLI. In COMPLEXWEBQUESTION, ques-
tions are generated from information extracted from the web
(Talmor & Berant, 2018). In LOGICBENCH, formal com-
plexity is increased by constructing questions from ontolo-
gies (Parmar et al., 2024). COUNTERFACTUAL further com-
plicates semantic reduction by creating an alternative world
context in which entity types are preserved while their rela-
tions are altered (Wu et al., 2024).

Finally, there are also benchmark datasets based on ques-
tionnaires that require chaining world knowledge facts, such
as C-EvaL (Huang et al., 2023) or ARB (Sawada et al.,
2023). Some of these combine scientific knowledge with
common sense, such as OPENBOOKQA (Mihaylov, Clark,
Khot, & Sabharwal, 2018), while others select questions that
require multi step reasoning to reach the answer, as in STRAT-
EGYQA (Geva et al., 2021). These benchmarks are more
challenging than NLI in terms of both formal complexity and
meaning reduction. However, they do not reach the level of
formal complexity of logical implication question answering
or benchmarks with explicit relational structures.

Context Dependent Semantics Benchmarks

Context dependent semantics benchmarks are those in which
the task requires more than the semantic interpretation of in-
dividual sentences, as meaning reduction is governed by a
specific semantic context.

Some of these scenarios, which can be referred to as sce-
nario grounded reasoning benchmarks, are explicitly defined
in the test data, such as family relations in CLUTRR (Sinha,
Sodhani, Dong, Pineau, & Hamilton, 2019), human men-
tal states in OPENTOM (Xu, Zhao, Zhu, Du, & He, 2024),
common sense reasoning in real world scenarios as in SO-
CIALIQA (Sap, Rashkin, Chen, Le Bras, & Choi, 2019) or
PIQA (Bisk, Zellers, Bras, Gao, & Choi, 2019), or contexts
requiring temporal reasoning as in TIMEDIAL (Qin et al.,
2021) or TRACIE (Zhou et al., 2021). In these benchmarks,
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concepts acquire meaning and relational structure within a
specific context, although one that remains largely explicit.
The benchmark RECLOR also imposes a context, but it can
be assigned to a separate category of argumentative reason-
ing, since the context is a paragraph. We place these bench-
marks at the third level, with a level of formal complexity
similar to FOLIO or ENTAILMENTBANK.

It is also worth highlighting the group of inductive reason-
ing benchmarks, where instead of applying complex formal
structures, the goal is to abstract simple structures from tex-
tual information. This applies to hypothesis induction from
social science papers on the benchmark used for evaluating
MOOSE (Yang, Du, et al., 2024), or to induction of natu-
ral language rules from factual statements on DEER (Yang,
Dong, et al., 2024). The formal complexity in these cases is
simpler than in the previous benchmarks, but the challenge in
terms of meaning reduction is higher than in any of the earlier
benchmarks.

The Trade-off between Formal Complexity and
Contextual Scope

Although our analysis does not apply precise quantitative cri-
teria to distribute the benchmarks within a space, the results
of our pairwise comparisons along two dimensions allows us
to make certain observations:

(i) When relational structures are explicitly specified in the in-
put, either as logical or mathematical problems, it becomes
relatively straightforward to design synthetic benchmarks
with arbitrarily high levels of formal complexity. Current
LLMs already exhibit strong performance in these settings,
often reaching human level results.

(ii)) When entailment relations depend on the semantic inter-
pretation of texts rather than on explicit formal structures,
as in the Context Independent Semantics level of Figure 2,
the formal complexity of tasks is significantly lower. In
such cases, complexity is typically limited to a sequence of
reasoning steps in question answering tasks or to a set of
relations defined by an ontology.

(iii) Finally, at the Context Dependent Semantics level, we find
benchmarks that emulate a context, whether social, tem-
poral, or grounded in real world relations among entities.
In these scenarios, formal complexity decreases even fur-
ther, being reduced to a small set of predefined entities and
relations.

Based on these observations, we conclude that in current
benchmarks there appears to be a trade off between the for-
mal complexity and the level of context awareness required
by the tasks. As the formal complexity of the statements and
relations involved in solving a problem increases, these rela-
tions tend to be made more explicit in the input. Conversely,
in cases where strong meaning reduction based on context is
required, formal complexity tends to decrease.

Conclusions

According to our analysis, the notions of meaning generaliza-
tion, generation, and reduction make it possible to structure
the cognitive competences of Al from the standpoint of the
system itself, aligning with the fundamental mechanisms that
have shaped different paradigms of intelligent systems, such
as discriminative, generative, and recent neurosymbolic ap-
proaches. In particular, reducing meanings in such a way that
inferences can be performed constitutes a foundational com-
petence that underpins, first and foremost, different forms of
formal reasoning, such as deduction, induction, and abduc-
tion. Furthermore, the ability to dynamically reduce meaning
across contexts supports higher-level abilities, such as flexible
reasoning, maintenance of conceptual coherence across tasks,
and adaptation to new situations, where current Al systems,
according to the literature, still show notable limitations.

Our analysis of recent benchmarks shows that some tasks
require meaning reduction to infer the implication relations
needed for reasoning. However, highly formal tasks, such
as mathematical or logical problems, usually make these re-
lations explicit, whereas tasks requiring their automatic in-
ference tend to have lower formal complexity. We therefore
argue that current benchmarks involve a trade off between the
contextual scope of meaning reduction and the formal com-
plexity of the problems addressed.

As a result, the ability of LLMs to build world models
in specific contexts that require complex reasoning remains
largely unquantified. We do not claim that LLMs lack this
ability, but that designing reliable benchmarks to measure it
is still an open challenge. Persistent problems such as hallu-
cinations, lack of precision, and weak justification may arise
in contexts where knowledge and reasoning structures are not
explicitly represented in the training data. This reinforces the
need for benchmarks that evaluate these capabilities.

In summary, despite clear progress in areas such as ma-
chine translation, image and video generation, or mathe-
matical problem solving, the Al capabilities remain largely
unquantified in real complex domain specific environments
where no standardized formal languages apply. Benchmarks
are therefore needed to evaluate meaning reduction in spe-
cific contexts and system performance on complex real world
problems. These are not exceptional cases, but common sce-
narios for Al deployment in industrial settings.
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