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 Highlights 
New developments in artificial intelli-
gence seem to be expanding the scope 
of what machines ‘understand’: image 
recognition systems appear to possess 
some understan ding of objects and
scenes, while large language models
appear to possess some understanding
of language.

Evidence of advances (or limitations) in 
machine understanding is used to 
make claims about the safety and intelli-
What do artificial intelligence (AI) systems “understand”?  This  question  arises
not only in assessing a system’s intelligence but also in evaluation practices to 
ensure the safe and responsible deployment of AI. Drawing on scholarship 
from philosophy and cognitive science, and informed by current practices in 
AI, we develop a framework for asking more precise questions and making 
more precise claims about machine understanding. We conceptualize under-
standing as a relation between a system (S) and a target of understanding (T),
and we discuss how to specify the relation, the system, and the target, offering
a landscape of options in each case. Our goal is not to defend a particular
account of understanding, but to provide conceptual tools for those working to
assess or advance machine understanding.
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gence o f artificial intelligence systems.

However, such claims require an 
account of ‘machine understanding’ 
that clearly specifies what constitutes 
under standing and how it can be evalu-
ated.

While the fields of artificial intelligence 
and machine learning have not 
converged on an account of machine 
understanding, different assumptions 
are reflected in contemporary practice
and relate to accounts of understanding
from philosophy and the cognitive
sciences.
Charting the landscape of machine understanding
Do large language models (LLMs) understand language? Do educational artificial intelligence (AI) 
systems understand the material they teach? Do therapeutic AI agents understand their patients? 
As AI advances, fundamental questions emerge: What do AI system s understand, and how can
we know? To answer these questions, we need to grapple with the term itself—what it means to
“understand”.

Philosophers often start with the commonsense idea that to understand is “to see how things
hang together” [1] or “to see how things are connected” [2]. It seems to follow that understanding 
is, in some sense, holistic [3], and that understanding comes in degrees: the better one under-
stands some target, the better one appreciates how its various elements are connected or related
[4,5]. However, beyond these commonsense starting points, existing accounts of understanding 
rapidly diverge, and accounts of 'machine' understanding are in their infancy (see Box 1). 
Yet claims about what AI systems do or do not understand are p ervasive in computer science
[6,7] and beyond [8–12]. 

Achieving greater clarity and consensus concerning machine understanding is important for both 
practical and theoretical reasons. Despite their impressive achievements, AI systems regularly fail 
in ways that suggest a critical gap betw een surface-level pattern matching and deeper under-
standing [7]. Often, limitations are discovered only after consequential real-world failures, such 
as errors in healthcare [13] or legal decision-makingi . Greater precision about what constitutes 
understanding, and how to assess it, is therefore critical for improving evaluation practices and 
supporting the safe and responsible deployment of AI systems—not just in healthcare [14] and 
law [15], but also in education [16], scientific resea rch [11], and more.

Here, we offer a framework for asking and answering questions about machine understanding. 
Our framework organizes and synthesizes existing ideas across psychology, philosophy, and 
computer science—some of which have existed for decades and others that reflect cutting-
edge developments. To do so, we introduce two families of proposals for what constitutes under-
standing (model based and ability based) that can be augmented with additional requirements
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Box 1. The philosophy of understanding
Accounts of understanding have been developed in epistemology and the philosophy of science, often with the aim of 
capturing a particular kind of understanding (such as scientific [128] or interpersona l [129,130] understanding). Many 
accounts build on the premise that understanding involves seeing how things are connected [131], where the objects 
of understanding are structures or systems of some kind [132,133], with parts or elements that depend upon or otherwise 
relate to one another. However, accounts vary in how they articulate these parts and relations (the “things” and their 
connections). Accounts also differ in how they interpret the idea of “seeing” (or “grasping”). According to James Wood-
ward, for example, these metaphors are ultimately grounded in the ability to answer “What if things had been different?”
questions—thus being able to anticipate how changes in one element of the system will lead, or fail to lead, to changes
in other elements ([134], cf. [45] ). “Seeing” thus seems to have a distinctively modal profile: someone who understands 
a system does not just take in how the system (actually) is, but also the various possibilities the system affords, including
which relationships are contingent, necessary, and so on [135]. 

Philosophers disagree on whether understanding requires consciousness [136]. Earlier discussions tended to dismiss the
idea [137], but more recent scholars have suggested that something like the ability to imagine (i.e., the conscious experi-
ence of imagining) seems essential [138] see also [139], [140]. For example, one might understand, in some way, that the 
Sun is 1,300,000 times the size of the Earth, but when one is shown a scale image of the Sun versus the Earth (say, a bowl-
ing ball vs. a peppercorn), this allows for a much deeper kind of understanding. Alternatively, it might allow for an entirely
different kind of understanding—perhaps an understanding that eludes nonconscious beings.

Another ongoing debate concerns whether understanding is “factive”—that is, whether the representations that 
make up someone’s understanding need to be true or accurate [140]. “Non-factivists” note that idealizations in science 
(e.g., a frictionless plane, ideally rational agents) often help us understand a target system, even though they are not, strictly
speaking, true or accurate [141]. “Factivists” have replied that when idealizations help understanding, it is not because of
the inaccurate or idealized information [2,143]. Approaches to machine understanding can learn from these debates, and 
considering artificial systems can, in turn, bring new philosophical issues to light [143–146]. 
(etiology based and phenomenology based). These proposals provide a set of distinctions and a 
corresponding vocabulary to integrate prior work and guide new research moving forward.

Our framework is consistent with a pluralist approach to machine understanding—one that 
recognizes multiple senses of understanding that can potentially diverge. Our goal is not to 
endorse a particular account of understanding but to provide a set of tools for asking and answer-
ing questions about machine understanding within a common framework that enables different
scholars to effectively communicate and make progress in defining, assessing, and advancing
machine understanding.

Asking precise questions, making precise claims
Assessing machine understanding requires answering questions of the form, “Does S 
understand T?”, where S represents a system and T represents a target of understanding. For 
instance, in asking, “Do LLMs understand language?”, LLMs are the relevant system (S), which 
could refer to the general class of models, a trained system (such as GPT-3.5-turbo-1106), a 
trai ned system with access to additional resources (such as the internet), or even a distributed
system that includes a human providing prompts (see Box 2). T could refer to word meanings, 
English syntax, or other aspects of language. Specifying S and T is important not only for posing 
precise questions but also because the relevant notion of understanding could depend on S and
T. For instance, understanding a programming language could involve a different notion of under-
standing from understanding a person.

Typically, AI understanding is operationalized by measuring the performance of a trained system 
on a target benchmark. However, it is often unclear whether performance is taken to constitute 
understanding or to offer evidence of understanding. To illustrate why this distinction matters, 
consider two systems that output a prediction about the distance traveled by a falling object in
the number of seconds specified by the input. The first system, LOOK-UP, implements a look-
2 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx
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Box 2. Taxonomy of unde rstanding systems

The landscape of AI is increasingly heterogeneous, with systems varying in their architectures, capabilities, and applica-
tions—from next-token prediction neural networks to multimodal systems [147], generative agents that simulate socia l
behaviors [148], and LLM-powered robots executing physical tasks [149]. This heterogeneity requires a framework for 
evaluating machine understanding at various levels of abstraction and specification. Here, we offer distinctions between
four levels to help guide claims about understanding, but this is not an exhaustive taxonomy (see Figure I).

· A 'base system' refers to core machine learning techniques and algorithms, such as neural networks, reinforcement
learning, or autoregressive models [150]. An example of a question at the base systems level is, “Do LLMs under-
stand language?”, where the system (LLMs) refers to a class of systems using transformer-based architectures, 
rather than a particular instantiation (such as GPT-5-202508-07). Claims about the universal properties of LLMs, 
including their understanding, are not uncommon. For example, some caution against claims that “large neural
language models...understand language” (74, emphasis added).

· A 'trained system' involves one or more base systems that are instantiated and trained, but “frozen”. An example of 
a question at the trained systems level is, “Does ChatGPT/GPT-4 understand English?”, where ChatGPT/GPT-4 
combines multiple base systems (a transformer-based LLM plus reinforcement learning from human feedback), 
and where the integrated system has been instantiated and trai ned. Claims about understanding at the trained
systems level are pervasive, with benchmark leaderboards purporting to compare, for instance, trained systems’
“ability to understand and reason about texts” (e.g., SuperGLUE [42]).

· An 'embedded system' is a trained system with access to one or more dynamic resources, such as external tools
[84], knowledge bases (e.g., the internet), or human instructions (e.g., chain-of-thought prompting) [151]. At this 
level, we can ask, “Does ChatGPT/GPT-4 understand logic problems (with a human providing chain-of-thought
prompting)?” An example comes from a paper [152] using multi-step chain-of-thought prompting with a multimodal 
LLM “to enhance the model’s understanding of geometry problems.”

· A 'distributed system' encompasses not one trained system, but a trained system and a dynamic resource or multi-
ple trained systems and/or resources. At this level, the unit of analysis is the distributed system, and understanding
need not reside in any individual system or resource (see [153] for related points about intelligence). At this level, we 
can modify the previous question: “Do ChatGPT/GPT-4 and the human (who is provi ding chain-of-thought
prompting), as a unit, understand logic problems?”

Note that many contemporary AI systems, presented as single ‘trained systems’, can, in practice, function as meta-
systems that route queries across different underlying trained models, reasoning modes, or tool-use configurations. This 
can blur the boundary between the trained-system and distributed-system categories in our taxonomy. When architec-
tures are opaque , the appropriate locus of understanding might have to be identified at the level of analysis accessible
to researchers.

Core algorithms/techniques 
/ architectures (without 
being instantiated and 
trained) 

Do transformer-based 
LLMs understand 
language? 

Do human beings (as a 
species) understand 
language? 

One or more base 
systems that have been 
instantiated and trained 

A trained system with 
access to one or more 
resources that are 
accessed dynamically at 
runtime 

An ensemble of trained 
systems and dynamic 
resources, where  
understanding need not 
reside in any individual 
elements 

Does GPT3.5 
understand English? 

Does ChatGPT/GPT-4 
understand logic problems 
(with the help of a human 
providing chain-of-thought 
prompting)? 

Do ChatGPT/GPT-4 and the 
human (who is providing 
chain-of-thought prompting) 
as a unit understand logic 
problems? 

Do graduates of a  

particular language institute 
understand English? 

Do graduates of a 
particular institute (with 
access to a pencil and 
paper) understand first-
order logic? 

Does the scientific 
community understand 
consciousness? 

Trained 
System 

Embedded System 

Distributed 
System 
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Figure I. Schematic representation of four levels of system abstraction and specification for machine 
understanding. GPT: generative pre-trained transformer; LLMs: large language models.
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up table that includes a finite set of observations for how far an object fell in different amounts of 
time (e.g., 1 second, 2 seconds, etc.). On a particular assessment, it returns the correct predic-
tion for how far an object will fall on 83% of the provided inputs. The second system, EQUATION, 
instead derives distance from Newtonian laws by computing a formula (d=0.5 × g × t2 ). However, 
because the formula corresponds to an idealized version of the system (that does not, for 
instance, incorporate air friction), it can be less accurate than LOOK-UP on values that corre-
spond to LOOK-UP’s entries; on the same assessment, it only returns the correct answer on 
76% of the inputs. Two scientists might agree on these facts yet disagree on which system 
has a deeper understanding of falling objects: Dr Benchmark might argue that benchmark perfor-
mance partially or fully constitutes understanding and so LOOK-UP possesses deeper under-
standing than EQUATION, whereas Dr Decode could argue that benchmark performance only
offers indirect evidence of understanding and that EQUATION possesses deeper understanding
than LOOK-UP because of its internal structure: it captures something about the data-generating
process that is at best implicit in the look-up table. Which scientist is correct?

The answer depends on one’s account of understanding. An account of machine understanding 
can resolve such disputes by differentiating what constitutes understanding from what merely 
offers (indirect) evidence. Accounts of machine understanding can also identify what (if anything) 
is deficient about LOOK-UP, the system wi th a look-up table. In psychology and education,
understanding is often differentiated from rote memorization (e.g., Bloom’s Taxonomy [17]), 
and in computer science, understanding is sometimes contrasted with “parroting” [18] or 
“mere retrieval”. The idea that understanding requires more than mechanical processing and 
retrieval is immortalized in the Chinese Room thought experiment [19], in which the philosopher 
John  Searle  invites  us  to  imagine  a  person  locked in a room, without any understanding of 
Chinese, who receives messages in Chinese and follows the steps in a book of instructions to 
determine appropriate Chinese responses. Searle claims that it will seem like the person under-
stands Chine se but does not. The philosopher Ned Block offers an example that better matches
contemporary debates about “mere retrieval”, in which he suggests that a system that relies on a
series of look-up tables might mimic intelligence but actually lack understanding [20]. 

Although there is disagreement about what these thought experiments show, we take it 
as a guiding assumption that an account of understanding should offer some insight concerning 
what (if anything) is deficient about a look-up table or “mere retrieval” when it comes to under-
standing. We, thus revisit the contrast between LOOK-UP and EQUATION for each account of
understanding.

Accounts of understanding
Our framework involves two core accounts of understanding: model based and ability 
based. These core accounts can be combined to yield hybrid accounts, and they can incorporate 
additional requirements: “etiology-based” requirements that involve a system’s  history,  and
“phenomenology-based” requirements that involve subjective experience. We summarize the
framework in Figure 1 and i n Figure 2 we offer a five-step guide for applying the framework to
evaluate claims about machine understanding.

Model-based accou nts
The intuition behind model-based accounts is that understanding is a matter of what a system 
has “inside”: particular representations, algorithms, or other internal properties. This is what 
motivates Dr Decode, and it reflects two common practices in AI: engineering structured 
representations of the target of understanding or testing for their presence. For instance,
decoding techniques are often taken to reveal “world models” [21]: structure-preserving (causal)
4 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx
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System System's performanceSystem's origins and history 

Understanding is a function of internal 
representations,  algorithms, or other 
internal properties (e.g., a world model) 

Understanding is a function of system's 
causal-historical connections to the 
target (e.g., through training data) 

Understanding is a function of a system's 
performance or range of behaviors  (e.g., 
benchmarks, generalization) 

Understanding is a function of a system's 
subjective experience (e.g., feelings, 
consciousness) 

Combine elements from more than 
one account of understanding (e.g., 
model-based + ability-based) 

4. Phenomenology-based requirements 

TrendsTrends inin CognitiveCognitive SciencesScie nces

Representations, algorithms and
internal properties

Figure 1. Framework for defining machine understanding: core accounts, additional requirements, 
and  hybrid  views.  The figure presents a landscape of different notions of machine understanding. The accounts of 
understanding are organized into two primary categories (model based and ability based) and two sets of additional 
candidate requirements (etiology based and phenomenology based). On model-based accounts, understanding depends 
on a system’s internal representations, algorithms, or other internal properties, such as a world model. On ability-based 
accounts, understanding depends on successful performance or patterns of behavior, such as benchmark success. 
Etiology-based requirements ask whether the relevant model or ability was acquired through the correct causal history 
or connection to the target of understanding. Phenomenology-based requirements ask whether understanding also 
necessitates relevant subjective experience. Etiology and phenomenology are add-on requirements that can constrain
either core account (model based or ability based). Hybrid views combine elements of more than one account or
requirement. This menu of options can serve as a basis for selecting a single account of understanding or for defining a
set of possibilities within a pluralist approach.

 

representations of some target, whether it be the structure of a context-free grammar or
aspects of the natural [22,23] or social [24,25] world (see Box 3). Complementing these decoding 
strategies, other research focuses on explicitly engineering knowled ge structures, as seen in
ConceptNet [26] or neuro-symbolic approaches such as knowledge-enhanced graph neural
networks [27]. Across these cases, taking some internal representation or world model to consti-
tute understanding is the core of a model-based approach.

Within philosophy, a variety of model-based accounts have been proposed for human under-
standing. Many accounts treat understanding as a kind of knowledge (e.g., of explanations or
dependence relations [28]). Extending these accounts to machines is not straightforward, 
since philosophers standardly take knowledge to involve (true) beliefs [29],  and  it’s controver-
sial whether current AI systems possess beliefs [30–32]. Instead, such accounts could be 
extended to encompass (nonbelief) representations involving similar  causal  or  explanatory
content. In psychology and education, for exampl e, understanding is sometimes identified
with intuitive theories [33],  mental  models [34], core knowledge systems [35],  or  other  struc-
tured representations, though not all internal structures must be representational [36]. 

Model-based approaches can successfully explain the contrast between EQUATION and LOOK-
UP. Within a range of specified conditions (e.g., cases contained within LOOK-UP and for which 
friction is negligible), EQUATION and LOOK-UP can exhibit exactly the same performance, yet 
their internal properties vary. One thing EQUATION possesses, but LOOK-UP lacks, is an 
explicit representation of the dependence relationship that holds between time and distance
(i.e., the continuous quadratic relationship dictated by a physical law that represents the role
of gravity).
Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx 5
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What is the system in question? 

Is it being specified at the base, trained, 
embedded, distributed, or some other level (Box 2)? 

What notion(s) of understanding are being 
used, model- and/or ability-based? 
● model based: which internal properties 

matter? 
● ability based: which patterns of 

performance matter? 

Are there any etiological and/or 
phenomenological requirements? 

Is the claim consistent with the type of evidence 
collected (e.g., decoding techniques and benchmark 
performance)? 

Does the evidence justify the scope of the claim? 
● Refine S and/or T to match the evidence. 
● Clarify if the evidence constitutes 

understanding or provides indirect evidence 
for understanding. 

● Check if necessary causal histories (etiology) 
or subjective experiences (phenomenology) 
are present to support the claim. 

● answer "Does S understand T?" 
● evaluate "S understands (or does not understand) T" 

How to Establish Machine Understanding 
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Figure 2. A five-step procedure for evaluating claims about a system’s understanding of a target. This figure 
offers a five-step process for applying the framework summarized in Figure 1 to evaluate claims about machine 
understanding. Step 1 specifies the system S at the relevant level of analysis, for example, as a base, trained, embedded, 
or distributed system. Step 2 specifies the target T, since a system can understand one aspect of a domain but not 
another. Step 3 identifies the notion of understanding in question: model based, ability based, or a hybrid view, together 
with any etiological or phenomenological requirements. Step 4 refines the claim by checking whether the available 
evidence matches the selected notion of understanding and the scope of the claim. This includes distinguishing evidence 
that constitutes understanding from evidence that only supports an inference to understanding and potentially narrowing
S or T when the evidence is more limited than the original claim suggests. This step highlights that the process of framing
and evaluating claims about understanding can be iterative. Finally, Step 5 involves making a claim about whether S does
or does not understand T.
A major challenge for model-based accounts is defining which internal properties constitute 
understanding and establishing reliable methods for evaluating those properties. For instanc e,
many techniques aim to assess a system’s world model [37,38] or internal representations
[39], but these methods apply under limited conditions. Often, inferences concerning internal 
representations depend on patterns of performance or correla tion, but such evidence is at best
indirect, and these techniques can be unreliable [40,41]. Future work is needed—both theoretical 
and technical —to address these concerns.

Another common concern for model-based approaches is that having the right internal properties 
is not enough—those internal properties would not constitute understanding if they are causally 
ineffective. In the human case, for example, we might be reluctant to attribute an understanding of 
Newton’s law of gravitation to someonewho commonly misapplies it, even if research reveals that
their brain encodes information that corresponds to Newton's law. This is one motivation for abil-
ity-based accounts, which we turn to next.

Ability-based account s
On ability-based accounts, a system’s understanding is constituted by its performance or 
behaviors, not the internal features that give rise to them. Ability-based accounts fit  the  wide-
spread practice of evaluating AI systems based on their performance—for instance, applying
benchmarks for natural language [42] or scene understanding [43] as a basis for attributing 
understanding of some target, such as language or scenes. Within philosophy, different abil-
ity-based accounts focus on different patterns of perfo rmance as key to understanding, such
as identifying connections [44], answering counterfactual questions [45], making predictions
6 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx
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Box 3. World models in model -based understanding

Contemporary efforts to evaluate understanding in AI systems often appeal to the idea of a system ’s “world model”, which
Yildirim and Paul [154] define as “structure-preserving, behaviorally efficacious representations of the entities, relations, 
and processes in the real world”. For example, a world model corresponding to disease transmission in a population could 
be a representation that preserves the spatial and causal relationships among individuals in that population. World models
originated in cognitive science as a way to characterize representations in humans and nonhuman animals (see [155] for 
relevant discussion), but the idea has been widely adopted in AI, despite heterogeneity in how world models are defined
and assessed.

What distinguishes world models from prior generations of AI models and representations? For many computer scientists, 
it is the requirement of structural correspondence to the relevant aspects of the world. When the term is used more loosely, 
it is often to highlight a model’s impressive predictive power. For example, a world model can enable a robot to accurately
forecast the consequences of its actions (e.g., what happens if a marble is rolled on a table) [155]. Similarly, a world model 
can directly train an AI agent by predicting and simulating the environment [21]. 

Do systems with world models possess understanding? The answer depends on both the target of understanding, T, and
on one’s account of understanding (see Figure 1). In practice, computer scientists use evaluations of world models to both 
attribute and deny understanding. As one example, an AI language model trained on legal board sequences for the game 
of Othello successfully recovered the underlying rules and states of the game (as assessed by probes) [37] (see al so
[156,157,158]), offering evidence for model-based understanding of the world of Othello. As another example [38],  a  
system trained on taxi routes performed well on route prediction, but its underlying world model (as assessed by sequences 
of predictions) contained impossible street configurations, ch allenging an attribution of (model-based) understanding.

Whether world models developed in specific (even potentially broad) domains contain the requisite properties for deep or
human-level understanding remains an area of active debate [6]. To what extent must the model be abstract, accurate, 
and coherent? Can it be isolated, or must it be integrated with more general knowledge? Is it enough to be “behaviorally 
efficacious” in a narrow set of tasks, or must it be flexible and generative? Does the requirement for behavioral e fficacy
sneak in ability-based commitments? These questions, which also arise for human cognition, are newly urgent in the
context of AI.
[46],  solving  problems [47], recognizing instances of the target of understanding [48], 
constructing (scientific) models [46], or evaluating competing explanations [49]. 

Ability-based accounts have three well-known precedents in philosophy and cognitive science. 
First, philosopher Ludwig Wittgenstein’s idea that the meaning of a word or expression can be 
identified with how it is used in a language—for short, that meaning is use [50]—has been 
extended to the claim that understanding is use [51]: one understands the word “bottle” when 
one can use it appropriately in different contexts. Since Wittgenstein denied that using a word 
or expression appropriately requires having a particular sort of representation “in the head,” this 
can be seen as a rejection of a model-based approach in favor of an ability-based approach. 
Second, some forms of behaviorism claim that mental states refe r to behavioral tendencies,
not to internal properties, and so are constituted by performance or behavior [52]. Finally, the 
Turing test [53], in which an observer attempts to differentiate a machine from a human based 
on text exchanges, offers a performance-based criterion for intelligence; extending the approach 
to what constitutes understanding (vs. assessing intelligence) would yield an ability-based
account of understanding.

Despite the ubiquity of benchmarks in AI evaluation, the way such benchmarks are actually used 
in practice suggests a relatively nuanced role for performance in assessing understanding. 
First, researchers typically attribute understanding to some target T that extends beyond the 
benchmark itself. For example, based on performance on a range of abstract reasoning
and counterfactual tasks, a researcher might attribute (or deny) an ability for general reasoning
[54,55], not understanding of the finite set of problems explicitly included in the benchmark. 
This suggests that observed performance is taken as evidence for the presence or absence of
Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx 7
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some more general ability, rather than fully constituting understanding on its own. Second, AI 
practitioners often design and extend benchmarks or other measures of performance with an 
eye toward assessing generalization —that is, assessing the system’s performance in cases
beyond those on which the system was explicitly trained.

To understand this role of generalization, first consider assessments that employ independent 
and identically distributed test sets, in which training and test sets are assumed to be sampled 
from the same target distribution. In such cases, success on held-out or rare cases reflects 
generalization beyond the training set, but not necessarily out-of-distribution (OOD) generaliza-
tion. However, contemporary AI evaluation often goes further. Many benchmarks for foundation
models are deliberately designed to test adversarial, counterfactual, or compositionally novel
cases that are likely to lie outside naturally occurring data distributions [56], and a failure to gener-
alize is often treated as a failure of understanding (e.g., misclassifying familiar objects when
presented from unusual perspectives [57]). This role of generalization again suggests that while 
ability-based practices are common, the link between benchmark performance and some target 
of understanding can be complex; benchmark performance is not always taken to constitute 
understanding but is instead treated as evidence for something else—either a further and often
more general ability (on an ability-based account) or some internal characteristics (on a model-
based account).

Turning to EQUATION and LOOK-UP, recall that the two systems can produce the same behav-
ior under some conditions. However, a generalization task—predicting the distance for a novel 
time point (i.e., one that is not contained within LOOK-UP)—will reveal that EQUATION succeeds 
while LOOK-UP fails. By relying on generalization performance, an ability-based account of
understanding can, therefore, deliver the verdict that EQUATION possesses understanding that
LOOK-UP does not.

A major challenge for ability-based approaches is determining how to go from observed perfor-
mance to the corresponding ability. For example, having observed that EQUATION performs 
well when predicting distance in a vacuum, is it appropriate to attribute to EQUATION some 
understanding of falling objects in general, or something more specific (such as medium-sized 
objects falling in a vacuum)? Further tests of performance can fine-tune attributions of under-
standing, but attributing abilities will typically go beyond previously observed performance. This
is one reason researchers might look “inside” a system to its internal properties (as in a model-
based approach)—doing so can provide a basis for going beyond a finite, observed set of
behaviors to some more general ability.

A related challenge is that performance can be misleading. Performance can mask compete nce
that would manifest under different conditions [58] or outstrip genuine ability. Even top-perform-
ing models overfit to commonly used benchmarks and struggle in tests with minor data distribu-
tion shifts [59] (see also [60,61]). AI researchers sometimes cite Goodhart’s law, the adage that 
“when a measure becomes a target, it ceases to be a good measure” [62]; in our terms, perfor-
mance on some measure becomes poor evidence for underst anding when a system is optimized
for that measure.

Etiology-based requir ements
Etiology-based requirements are potential add-ons to model- or ability-based approaches. The 
intuition behind them is that it matters how an internal property or ability came about: it must 
have the right causal history. More specifically, the model’s internal properties or abilities must
have been appropriately caused by or connected to T (the target of understanding).
8 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx
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Consider an ImageNet-trained system that classifies a picture as “class 949” [63].  What
(if anything) does the system understand? On a model-based approach, one might use 
decoding techniques to identify which image features are associated with class 949. On an 
ability-based approach, one might assess classification performance: which images does 
the system classify as 949? On an etiology-based view, the place to look is the system’s 
history: What are the images used to train class 949 images of? (Strawberries.) What were 
human coders referring to when lab eling these images? (Strawberries.) It is answers to ques-
tions like these that, in conjunction with models or abilities, determine what the system
understands.

Our use of the term “etiology” is borrowed from philosophy, where it means cause or origin, 
and refers to accounts that require an appropriate history. For example, etiological 
accounts of linguistic reference claim that terms acquire their meaning via a causal-
historical chain of events: a p erson’s use of the word “Napoleon” refers to the historical
Napoleon because that person is part of a community of language users that connects
back to Napoleon [64] (see also [65–67]). Similarly, someone’s concept of “strawberry” 
refers to strawberries due to their direct or indirect causal contact with strawberries. In 
some sense, our “Napoleon/strawberry representations” and “Napoleon/strawberry abili-
ties” were caused by the historical Napoleon and by actual strawberries. Other etiological 
approaches go beyond linguistic reference to representational content more broadly—on 
teleological approaches to mental content, for example, whether a mental state represents 
some target depends on its history—specifically, on whether it was subject to a selection
process (such as natural selection or learning) in virtue of which it has the function of repre-
senting that target [68,69]. 

An etiology-based approach to understanding has received the most explicit d efense in the
context of language understanding in LLMs [9,70–72]. Some argue that LLMs can successfully 
refer to Napoleon and strawberries because they are causally connected to the humans who 
wrote the texts that the systems are trained on, and at least some of those humans were appro-
priately connected to Napoleon and strawberries. Critics of this view argue that establishing an
appropriate connection to the world requires sensorimotor grounding [73] or communicative 
intentions that LLMs lack [74]; but see [75–77]. 

While etiological approaches have not (to our knowledge) been developed as general accounts 
of understanding, there are additional contexts in which they might be appealing, such as
AI personalization [78]. Suppose an AI therapist learns about a patient, Alex, from a history of 
interactions with Alex. Suppose further that interactions with a different Alex (we willl call her 
Alex B.) would have resulted in exactly the same current internal state for the system (because 
Alex and Alex B. are similar in relevant respects), but the system has never interacted with Alex
B. If we are tempted to say that the AI therapist understands Alex, but not Alex B., this reflects
the system’s etiology (see [79] for a philosophical precedent to this example, Hilary P utnam’s
Twin Earth).

Etiology is related to two other ideas: grounding and embodiment. Philosophers and psychol-
ogists talk about the grounding of symbols in perceptual experience [80],  and  roboticists
discuss the grounding of language  in  action  and perception [81].  However,  the  term  “ground-
ing” is sometimes used more broadly than etiology (e.g., to include connections between 
symbols or modalities). “Embodiment” usually i nvolves some role for the body and its interac-
tions with the world [82,83], which can serve as a basis for establishing the relevant etiology 
for understanding. For example,  systems such as Toolformer [84] and ReAc t [85] interface
Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx 9



Trends in Cognitive Sciences
OPEN ACCESS

 

 

 

with external tools, providing direct contact with the world. Humans can also act as a bridge to
the world by providing supervised annotations [63], noisy image captions [86],  or  explici  t
human feedback [87]. In such cases, humans introduce a causal pathway that links the
world to model outputs [88] and connects the humans’ own etiology to that o f the models
[89]. 

In some cases, the target of understanding is not the external world; it can involve virtual environ-
ments where agents interact and learn. For instance, embodied agents can learn object names 
and apply this knowledge for instruction execution in 3D environments [90],  while  symbolic
communication can emerge among agents with direct contact with their virtual worlds [91–93]. 
In these cases, etiology-based accounts would require that the system have an appropriate 
form of contact with a virtual entity, rather than t he external world, in order for the system to
understand that entity in the virtual world.

Etiology-based views can explain the contrast between EQUATION and LOOK-UP, but some 
nuance is required. If LOOK-UP’s entries correspond to actual empirical measurements, it 
possesses a causal history directly tied to specific real-world objects and settings (such as 
the effects of air friction on Earth). In this sense, LOOK-UP is grounded in high-fidelity real-
world data that might license an attribution of understanding, but the target of understanding 
might be narrow: due to its internal properties and abilities, it seems too generous to attribute 
understanding of gravity or Newtonian laws. In the case of EQUATION, nothing was specified 
about the system’s causal history, but its internal properties and abilities provide good 
evidence that it, too, was in some way shaped by real-world measurements, and its represen-
tations a nd abilities potentially license broader attributions of understanding; for instance, of
gravity or Newtonian laws. Thus, judgments about EQUATION versus LOOK-UP can diverge,
on an etiological basis, if their internal properties or performance are grounded in different
causal histories, and diverging intuitions about the two cases could reflect different assump-
tions about their etiologies.

Phenomenology-based requir ements
The intuition behind phenomenology-based requirements is that understanding sometimes 
depends on having certain feelings or subjective experiences [94]. Consider the philosopher 
Stephen Turner’s claim that “When a mother tells her 13-year-old daughter that she does not 
know what ‘love’ is, she is not making a comment about semantics; she is pointing to the nonlin-
guistic experiential conditions that are bound up with the understanding of the term that the
daughter does not share” [95] (see also [96]). 

On some ways of developing phenomenology-based requirements, they are a special instance of 
a model-based approach (i.e., one in which the relevant internal representation is of a subjective 
experience) or an etiological requirement (i.e., one i n which the relevant causal antecedent to
some representation or ability is a subjective experience).

Some evidence suggests that people attribute phenomenology to AI systems [97],  and
that such attributions matter for attributions of understanding. For instance, t he “artificial
empathy paradox” [98] describes how AI-generated empathy loses its perceived value 
once users recognize it is artificial. However, most often, when p henomenology arises in
discussions of AI, it is to reject a phenomenology-based view [99,100], or to deny machine 
understanding (i.e., on the grounds that AI systems lack phenomenology) [101].  In
the case of humans, some point to common mismatches between phenomenology and 
understanding; for instance, the sense of understanding is not a reliable guide to actual
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understanding, which challenges at least one kind of phenomenology as a basi s for
understanding [102,103]. 

Within philosophy and cognitive science, subjective experience is sometimes highlighted in the 
context of interpersonal understanding, which seems to require reconstructing others ’ perspec-
tives “from within”, engaging with their viewpoint on its own terms [104]. Take empathetic under-
standing [105]: to truly understand another person experiencing grief, it is plausible that we need 
to successfully put ourselves in their shoes and that this requires a phenomenological experience
of what grief is like.

A phenomenology-based approach does not offer a ready diagnosis of what differentiates 
EQUATION from LOOK-UP. However, returning to the Chinese  Room,  which  is  somewhat
analogous, it is plausible that a Chinese speaker (implementing something like EQUATION) expe-
riences a distinct phenomenology from the person in the Chinese room (implementing something 
more like LOOK-UP), and that this difference contributes to why we are inclined to attribute
understanding in the former case and not the latter.

There are currently no widely accepted accounts of phenomenology or its measurement
[94,106], making it difficult to explore this direction. Even from a perspective sympathetic to the 
role of phenomenology in understanding, phenomenology-based considerations will plausibly 
identify necessary causal antecedents to understanding (rather than constituting understanding). 
For example, it could be that the only way to construct an internal model for love is to
experience love, but the experience itself does not constitute understanding; the resulting
representation does.

Hybrid accoun ts
Our accounts of understanding support graded understanding (see Box 4) and can be combined. 
As noted already, etiological and phenomenological requirements are additions to model- or ability-
based approaches. However, models and abilities can also be incorporated into a single account. 
For example, Wilkenfeld’s “Understanding as compression” [107] integrates representational 
elements (model based) with functional capabilities (ability based) (see also 108). 

In some cases accounts can be in tension. For example, the use of machine-generated 
synthetic data illustrates potential trade-offs between ability an d etiology. While synthetic
data can improve a system’s performance [109], it weakens the etiological link to real-world 
phenomena. Conversely, the accounts can align, as in “model collapse”, where recursively 
training models on synthetic output lead to irreversible failure in p erformance because the
causal connection to the original data distribution is lost [110]. Charting the theoretical and 
empirical relationships across accounts is an important d irection for future work (see
Outstanding questions). 

Implications for AI and beyond
Assessing machine unders tanding
Having offered a landscape of views about understanding, it might seem attractive to develop 
corresponding benchmarks for each view. Unfortunately, doing so would miss the point: 
benchmarks will reflect performance that could only constitute understanding on an ability-
based account. On model-based accounts, benchmarks can only offer indirect evidence 
(for internal properties). The distinction between constitution and evidence is crucial to resolv-
ing otherwise unproductive debates, as in our introductory example with Drs Benchmark and
Decode. We can now consider a more encompassing example. Imagine four (hypothetical)
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Box 4. Deep versus shall ow understanding

Understanding can come in degrees, and our accounts have implications for w hat differentiates shallow from deep
understanding.

On model-based views, “deeper” understanding corresponds to “deeper” internal properties. For instance, on one view with 
roots in philosopher Philip Kitcher’s work, one model is deeper than another if it includes more basic principles (e.g., a model 
that includes Newton’s laws of motion will be deeper than a model that includes only Kepler’s laws of planetary motion
because the latter can be derived from the former) [159]. 

On ability-based views, “deeper” understanding corresponds to better or broader performance. For instance, 
world models can support deeper understanding to the extent they enable a broader ra nge of successful behaviors
(e.g., performing reliably even in OOD settings [57,124], or answering counterfactual questions in addition to
conditional questions [54,56,160]). 

With etiology-based requirements, deeper or better understanding can correspond to more numerous, direct, or accurate 
historical connections to the target of understanding. For example, a system t hat receives visual and verbal input to
interpret natural language descriptions of physical objects [113] plausibly has a deeper understanding of strawberries than 
one that receives only verbal input, since it has more opportunities for causal influence from the target of understanding
(strawberries).

Finally, with phenomenology-based requirements, deeper or better understanding could correspond to the breadth or 
intensity of subjective experience. For example, a person who has both linguistic and gustatory experience with straw-
berries might have a deeper understanding of strawberries than someone with only linguistic e xperience because they
have richer and more diverse phenomenology. If we grant some phenomenology to AI models, we would expect a similar
differentiation between text-only and multimodal LLMs.

Current directions in AI are pushing the boundaries of graded understanding, especially when it comes to etiology. 
Consider recent model-training methods, such as knowledge distillation, in which pre-trained “teacher” models are used
to train smaller “student”models [161]. Do teacher and student models possess different levels of understanding by virtue 
of their differently mediated connections to the world? As a second example, some systems rely on lower-fidelity data for 
training but subsequently introduce “linear projection” layers or fusion techniques to generate output equivalent to that
from systems trained with higher fidelity data (e.g., [162]). Even if two systems generate the same performance, does 
one system possess greater understanding by virtue of its grounding in higher fidelity data?
scientists debating whether a given AI system understands anxiety. Dr M’s  evidence
comes from internal representations: a decoding technique has revealed intermediate layers 
corresponding to key features of anxiety. Dr A’s evidence comes from performance: the 
system shows excellent performance on key benchmarks. Dr E’s evidence comes from the 
system’s history: its training and interactions in the world. And Dr P’s evidence comes from 
phenomenology—an account of subjective experience and how the system does (or does not) 
experience anxiety. Whose evidence should take precedence, especially when the scientists 
reach conflicting conclusions? The answer is that it depends on one’s account of understanding,
and if that is not made explicit and introduced into the debate, these scientists will simply talk
past one another.

This example might seem like no more than a thought experiment, but analogous cases have 
deep implications for downstream applications. For instance, whether it is deemed acceptable 
(legally, ethically, and medically) to deploy an AI therapist chatbot could depend precisely on 
what relevant stakeholders take the system to understand. Or, and perhaps more controversially, 
consider whether it’s acceptable to deploy an AI psychiatrist empowered to prescribe medica-
tions to treat anxiety. Again, judgments could diverge on the basis of different attributions of 
understanding, stemming not from a disagreement over the empirical facts but over how they
bear on understanding. Similar arguments have played out in the AI fairness space, where
conflicting definitions of what constitutes “fairness” have led to different conclusions and public
debatesii,iii . Drawing on lessons from fairness, we anticipate that agreeing on what constitutes
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understanding can help engineers, policymakers, and other stakeholders work togeth er more
proactively and constructively.

As a bonus, our accounts offer a taxonomy of forms of evidence that can be marshaled in 
assessing understanding. For example, model-based accou nts highlight the value of model inter-
pretability techniques [111]. Ability-based accounts align with current canonical benchmarking 
practices, such as evaluating generalization [43,63] and robustnes s [112].  Etiology-based
accounts foreground multimodal metrics with strong causal connections to the target of under-
standing [113].  And  finally, phenomenology-based accounts might be most relevant in the 
context of embedded systems with a human in the loop, where the person’s phenomenology 
could play a role even if the AI system itself h as no phenomenology. Taken together, such
evidence offers a potential antidote to a major limitation in current AI evaluation practices: over-
reliance on singular or aggregate performance metrics [114]. 

Recognizing different forms of evidence has another benefit: it forces us to be explicit about the 
assumptions guiding inferences from evidence to understanding. Consider legal understanding. 
When law students take the bar exam, a high score is treated as evidence of the legal understanding
necessary to be licensed to practice law (but see [15]). This could be because exam performance is 
deemed constitutive of legal understanding, but more commonly, exam scores are taken as good 
evidence of understanding—the scores plausibly reflect relevant content knowledge, along with rele-
vant experiences and abilities (a mix of model-, ability-, and etiology-based considerations). GPT-4
can now score within the top 10% on the bar exam [115] and could perform better soon. However, 
this will not reflect any real-world legal experience and might not reflect the ge neralization ability that
the test assesses in humans. Does it possess legal understanding?

Making an inference from some source of evidence (such as bar exam performance) to a claim
about understanding requires some account of understanding (see also [116]). When that 
inferential step is spelled out, we can better assess whether it is justified. Failing to do so is 
risky: when the assumptions that underwrite inferences from perfor mance to understanding in
humans do not generalize to AI systems, the trust engendered by attributions of understanding
could be misguided.

Advancing machine unders tanding
One reason to define machine understanding is to create a road map toward machine intelli-
gence. Many accounts of machine intelligence appeal to understanding; for instance, suggesting 
that “the ultimate goal of AI research is to build machines that can understand the world around
us” [117], see also [74,118]. 

To the extent that AI systems are human tools, what might matter most is performa nce, and
understanding is just a means to that end [119]. This speaks in favor of ability-based accounts, 
which would align the aim of achieving machine understanding most directly with performance.

Yet not all AI systems are designed solely for their performance alone [120]. In some cases, the 
system itself can be an illuminating object of study, such as when we use AI systems to bette r
understand winning strategies in chess [121], human cognition, or intelligence itself. For these 
purposes, we might favor model-based accounts.

A third role for AI systems is as social partners, such as therapists, teachers, or companions. For 
these purposes, we might care about interpersonal understanding, for which etiological and
phenomenological components plausibly play a larger role. However, pursuing machine
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understanding on a phenomenology-based account introduces ethical concerns that go beyond 
the scope of this paper—for instance, what our moral obligations are to sentient machines [122]. 

Which approach to understanding is most useful will depend on the goals of stakeholders and of 
a given AI system, and which account is adopted can have implications for whether machine 
understanding is a goal we ought t o pursue. In short, clarifying machine understanding does
not just have implications for how AI researchers should talk, but also for what they should do.

The broader significance of our framework
Our framework is not merely a theoretical exercise; it offers a road map for addressing the 
complexities of AI in practice. In this final section, we identify distinct areas of practical significance
for AI practitioners and researchers, cognitive and social science researchers, and public engage-
ment.

For AI practitioners and researchers, our framework  provides  a  basis  for  developing  more
holistic approaches to advancing AI. Current practice for assessing AI systems centers on
performance benchmarks, which aligns most closely with an ability-based account [42,43, 
123]. While useful, this singular focus can obscure other challenges that arise a t all stages
of the AI lifecycle (see Table 1). These challenges are often addressed in isolation, including 
data and annotation bias (a largely etiological challenge), t he black box problem (a largely
model-based challenge; see Box 5), and OOD robustness (an ability-based challenge). 
However, they can be powerfully recast as specific concerns about the understanding a 
system does or does not possess. By utilizing our framework, practitioners can recognize
that many of AI’s most pressing challenges are, at their core, questions about the nature of
understanding.

One consequence of this unification is that disparate techniques within machine learning can be 
integrated under a common goal: assessing and advancing a system’s understanding. Methods 
such as decoding to achieve interpretability (for black box issues), counterfactual task design (for 
generalization), and data curation (for fair representation) are often treated as independent tasks.
However, with a holistic approach under the umbrella of understanding, we gain a more compre-
hensive picture that prevents the catastrophic failures often discovered only after real-world
deploymenti [13]. These real-world failures often arise when we mistake narrow behavior-based 
performance for genuine understanding. The pluralist applicati on of our framework, described
in Table 1 illustrates what a more multifaceted approach to AI can look like at every stage of 
the pipeline, from data curation and engineering to model interpretability and benchmarking, ulti-
mately helping us advance safer and more responsible AI.

For cognitive and social science researchers, our framework offers a bridge for interdisciplin-
ary collaboration. Complex AI challenges (such as OOD generalization [57,124] or model 
collapse from synthetic data [110]) are typically framed as technical problems, which 
obscures their relevance outside of engineering. Our framework reorients such challenges 
by linking them to understanding, a construct with deep roots in cognitive science, philoso-
phy, and education. This creates a shared conceptual ground for leveraging methods and
solutions across fields that already study “understanding” to inspire and address core chal-
lenges facing AI.

This cross-disciplinary intellectual pollination has also been advocated by researchers in 
nonengineering fields to improve the design and evaluation practices of AI. For example, current 
methods for studying AI behaviors have been inadequate because they often rely on biased,
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Table 1. Sample questions to guide AI research

AI development stage Relevant account of
understanding

Sample questions for AI research

Data and resources 
Data acquisition; feature 
engineering; and selection of
dynamic runtime resources

Etiology base d

Does our data acquisition process ensure a faithful causal link between the data and the target of 
understanding (e.g., more natural and direct connections to the target)? 
How might our data curation choices (e.g., using synthetic data, human annotations, and 
knowledge distillation) alter the system’s causal history with respect to the target of understanding?
How do we make claims about the target of understanding while accounting for bias and errors
(e.g., data selection and data availability bias, data representation gaps, human annotator social
lens, and annotation ambiguity)?

Model design and training 
Designing model architectures; 
defining learning objectives and
algorithms; and training and
optimization

Model base d

How can we design model architectures and learning objectives that encourage the formation of 
‘deeper’ models, such as those that represent more fundamental principles? 
What internal representations (e.g., knowledge structures) or other properties (e.g., model architecture) 
shoul d our system possess to best capture the target?

Ability based What specific range of abilities (e.g., answering counterfactual questions and demonstrating 
robustness to OOD data) are we targeting, and how does this inform our learning objective and
optimization?

Etiology based How can we formulate a model architecture design to preserve the model’s connection to the target 
of understanding (e.g., choosing between an early fusion architecture vs. a late fusion architecture in 
multimodal learning)? 
How can we use techniques (e.g., fine-tuning with human feedback, real-time annotations, and
personalization) to incorporate real-world feedback loops and strengthen a model’s causal
connections to the target of understanding?

Phenomenology 
based 

Is there a possibility that a system can be designed to possess phenomenology? If so, how is the 
anticipated phenomenology relevant to the target of understanding? 
Is there a risk of creating a system that is subject to moral consideration, and if so, does that have
implications for development?

System evaluation 
Evaluation design and 
benchmark development

Model base d

Do our interpretability and decoding techniques confirm that the model is learning the intended 
representations and algorithms, rather than just surface-level pattern matching? 
How can we measure the fidelity of internal representations to ensure alignment with design 
purposes and to prevent safety-critical failures, such as hallucination?
To what extent does the system’s internal representation or world model accurately represent the
target’s true data-generating process?

Ability based In designing evaluation benchmarks, how can we meaningfully distinguish true generalization from 
overfitting to the training data (particularly with massive-scale and/or private training data)? 
How do we design a suite of rigorous tests, including OOD, adversarial, and counterfactual 
scenarios, to accurately probe the boundaries and limitations of the system’s abilities and to avoid
catastrophic failures?
Can we ensure that the relative performance of different models under an evaluation protocol will
accurately reflect each model’s real-world competence?

Etiology based Does benchmark performance provide evidence that the intended causal connections to the target
of understanding have been preserved?

Phenomenology 
based 

Is it possible to assess the system’s experience? If so, how is it related to the target of 
understanding?
What are the ethical implications of evidence that a system has subjective experience?

AI and society 
AI explainability; transparency;
and trust

Model base d How can we decode the AI system’s internal representations of a target to generate explanations for 
the target or for the system’s inner workings for its end users?

Ability based How can a system’s performance be evaluated in the s ocietal context in which it will actually be
deployed?

Etiology based Can the system’s outputs be connected to its real-world targets of understanding?

Phenomenology 
based 

Given that people will sometimes attribute conscious experience to AI systems when this attribution 
is likely unwarranted, what can be done to foster more accurate attributions and to support 
appropriate trust? 
How can human interactions with AI systems be structured such that the human is likely to
experience the phenomenology relevant to a target of understanding?

Sample questions to guide AI research based on our proposed accounts of understanding, categorized by stages of AI development and interaction. This illustrates one 
way to use our framework: rather than adopting a single account of understanding, researchers can entertain multiple notions, or different notions for different stages of the
design process, with the goal of creating systems that support various forms of understanding. On this pluralist approach, which kinds of questions to prioritize will depend
on the developer’s goals for the system.
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Box 5. Assessing human understanding of machines

Our framework applies not only to assessing machine understanding, but also to human understanding of machines. With 
the rise of deep learning, AI has increasingly faced a “black box problem”, whereby AI systems can be opaque not only to
naïve users but also to the scientists and engineers who create them [163]. Concerns about transparency, interpretability, 
and explainability are fundamentally about understanding [164], and each of our accounts suggests a corresponding set of
tools for human understanding of machines.

On a model-based approach, the aim is to provide humans with the information or experiences necessary to construct a 
mental model of the relevant internal properties of an AI system. For example, researchers have provided insight into inter-
mediate units in neural networks [111] or have extracted the “hidden knowledge” possessed by s ystems such as
AlphaZero [39,121]. 

On an ability-based approach, the aim is to induce the right abilities in humans—for example, their ability to answer “what if 
things had been different?” questions about the system’s performance. One example is reporting benchmark perfor-
mance across a range of human-understandable settings [114]; another is developing techniques to help human users 
answer counterfactual questions about the AI’s predictions on a given input [165,166]. Characterizing the resulting repre-
sentations and properties of AI models under different training conditions, as well as similar investigations at the base 
systems level through accumulating evidence from trained s ystems, can be thought of as providing a hybrid of model-
based and ability-based understanding.

Etiology-based approaches might aim to connect humans to the target of understanding in the right way, for example, by 
providing some of the data (or relevant features of the data) that the model was trained on [167,168]. These approaches 
could provide insight into biases in those data or reveal how the model cou ld have learned to capture real-world
constructs.

Finally, phenomenology-based approaches could aim to communicate the subjective experiences of AI systems to 
humans (though this remains, at present, in the realm of science fiction).

In pursuing efforts to improve explainability, transparency, or interpretability, stakeholders can follow a process similar to
that depicted in Figure 2 in the main text but where the system in question is a human, and the target of understanding
is an AI system at some level of specification (see Box 2). Different ways of specifying understanding within our framework 
will align with different approaches to engendering understanding in humans. Our four accounts thus provide a basis for
more precisely characterizing not only machine understanding but also human understanding of machines.
idealized human baselines—a problem Cameron Buckner terms “anthropofabulation” [125]. 
Buckner argues that future evaluations could instead draw inspiration from comparative psychol-
ogy, adopting rigorous, species-fair testing protocol s that assess underlying cognitive capacities
rather than just surface-level performance [125]. 

Finally, our framework offers a powerful tool for advancing AI literacy by introducing nuance to 
public debates over whether and what AI systems “understand”. Public perception is currently 
shaped by polarized media narratives and direct interactions with AI systems, both of which 
can be deeply misleading. Media discourse often promotes dichotomies between AI as a villain
(e.g., AI systems becoming more powerful than humans) or a hero (e.g., AI revolutionizing
medicine to extend human life) [126,127]. Simultaneously, direct user interaction can be 
deceptive, masking a lack of genuine understanding with behaviors such as sycophancy — 
the tendency of an AI system to generate responses that flatter or align with the user’s stated
preferences, even when those preferences might be factually incorrect or inappropriate [128]. 
Both channels overemphasize surface-level behavioral performance and encourage a binary 
view that an AI system either does or does not understand. Our framework invites the public 
to go beyond yes/no questions about machine understanding to appreciate different forms 
of understanding, and in so doing, exposes the relevance of “hidden” issues, such as 
model collapse or knowledge distillation, which might otherwise seem like abstract technical 
details. Linking a system’s internal properties, abilities, etiology, and phenomenology to
understanding makes it clear what’s at stake in how a system is created, assessed, and
deployed.
16 Trends in Cognitive Sciences, Month 2026, Vol. xx, No. xx



Trends in Cognitive Sciences
OPEN ACCESS

Outstanding questions 
Which account of machine 
understanding is most useful for 
efforts to improve or assess machine 
intelligence? How does this depend 
on th e domain or dimension of
intelligence being advanced?

Which account of machine 
understanding is most useful for 
efforts to improve or assess artificial 
intelligence safety or transparency? 
How does this depend on the domain
or dimension of safety or
transparency being advanced?

How do the accounts of machine 
understanding that we propose relate 
to each other? In particular, to what 
extent do ability-based evaluations (e. 
g., out-of-distribution generalization 
and adversarial robustness) depend 
on implicit commitments about 
representation and invariance that 
overlap with model-based accounts? 
If such evaluations require the 
evaluator to specify which features 
are relevant and what invariances 
should hold, does this mean that 
ability-based and model-based 
accounts converge in practice, e ven if
they differ in principle? More broadly,
what are the conditions under which
the accounts naturally complement
each other, and when might there be
genuine trade-offs or tensions
between them?

Can the accounts of machine 
understanding that we propose be 
fruitfully extended to understanding in 
humans and nonhuman animals? 
While the understanding of various 
targets will vary across systems 
(human, n onhuman animal, and
machine), are there reasons to have
different accounts of understanding
Concluding remarks 
Advancing and assessing machine understanding are crucial to two major projects in contempo-
rary AI: creating intelligent systems and evaluating whether and when we can trust them. The
aim of this feature review article has been to develop a conceptual framework for machine under-
standing (see Figure 1). Rather than arguing for a particular approach, we have charted a land-
scape of options that can help those working towards and with AI to ask more precise 
questions, make more precise claims, an d work more productively towards sophisticated and
responsible forms of machine intelligence.
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