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Abstract

Searle’s Chinese Room argument derives its persuasive
force from a specific implementation image: a person fol-
lowing a static rulebook of symbol-manipulation rules.
The “stochastic parrots” critique revived the same intuition
for contemporary systems. We argue that this line of ar-
gument constitutes an implementation-dependent thought
experiment—one whose intuitive force diminishes when
its implementation premises change. Two premises un-
derlying the original image—static symbolic manipula-
tion and internal opacity—are violated in significant re-
spects by modern learning systems. Models trained on
different modalities and domains converge toward shared
representational geometries, and within individual mod-
els, non-spatial inputs give rise to geometric representa-
tions that mirror known structures of the domain. Large
language models exhibit concept-selective self-reports
causally grounded in internal activation states. These find-
ings do not prove understanding exists, but establish that
the system image presupposed by the Chinese Room no
longer describes how modern systems operate. We pro-
pose a multi-dimensional framework that decomposes un-
derstanding into three conceptually separable dimensions:
structural (capturing world structure in representational
geometry), self-modeling (causally grounded access to
internal states), and phenomenal (subjective experience).
Under this framework, the Chinese Room’s conclusion
is valid for systems matching its implementation profile—
high phenomenal experience but near-zero structural cap-
ture and self-modeling—yet this profile no longer applies
to modern learning systems, and the “stochastic parrot”
characterization is revealed to conflate absence on one
dimension with absence on all. The question becomes
which dimensions of understanding contemporary learning
systems instantiate, and which remain genuinely open.

1 Introduction

Searle’s Chinese Room argument [Searle, |1980], published
in 1980, remains the most influential philosophical critique
of machine understanding. A person inside a room follows
a rulebook of Chinese symbol-manipulation instructions
to produce outputs indistinguishable from those of a na-
tive speaker, yet that person understands no Chinese—so
the argument goes. From this thought experiment, Searle
concluded that executing a program is never sufficient for
understanding.

The argument has generated over four decades of debate.
The systems reply (the room as a whole understands), the
robot reply (sensory grounding would enable understand-
ing), and the brain-simulator reply (replicating the brain’s
causal architecture would suffice) have all been advanced
and rebutted in turn [Searle}, |1980L|{1990]; for a comprehen-
sive survey, see |Preston & Bishop|[2002]. More recently,
the “stochastic parrots” critique has revived essentially
the same intuition for contemporary systems: large lan-
guage models manipulate linguistic forms without access
to meaning [Bender et al., 2021]]. Borg| [2025]] argues that
LLM outputs possess genuine semantic content through
a process of semantic deference—belonging to an exist-
ing meaningful communicative practice—yet distinguishes
this from original intentionality—illustrating how the de-
bate has been refined rather than resolved. No consensus
has been reached.

We diagnose this impasse as arising partly from two
structural problems.

First, the Chinese Room is an implementation-dependent
thought experiment—one whose intuitive force depends
on a specific image of how the target system works: a per-
son flipping through a static rulebook of discrete symbol-
manipulation rules. The AI of 1980 did indeed work that
way, but contemporary learning systems have systemati-
cally departed from those implementation premises. When
the premises shift, the intuitions built upon them require
re-examination.

Second, the debate has been conducted under the tacit



assumption that “understanding” is a single, indivisible
property. A system either understands or it does not.
The stochastic-parrots critique inherits this same binary
framing—language models either access meaning or they
do not [Bender et al.|[2021]). Yet this all-or-nothing framing
is inadequate for capturing the complex profile of contem-
porary learning systems—systems that form representa-
tions sensitive to world structure, that exhibit limited but
causally grounded self-modeling, and whose phenomenal
status remains indeterminate.

This paper makes two contributions. First, we introduce
the concept of implementation-dependence for thought ex-
periments and use it to analyze why the Chinese Room’s
intuitive force weakens for modern systems. To this end,
we examine how two lines of recent empirical evidence—
representational convergence and cross-domain structural
transfer (Section 3.1), and causally grounded functional
introspection (Section 3.2)—violate the implementation
premises of the Chinese Room. Second, we propose a
multi-dimensional framework that reconceptualizes under-
standing along three dimensions: structural, self-modeling,
and phenomenal.

Our goal is not to refute the Chinese Room argument,
nor to claim that modern Al systems “understand.” Rather,
it is to reformulate the question that the Chinese Room
posed—*“What constitutes understanding?”’—into a more
productive form. The central thesis is that understanding
is not a scalar—not a single quantity that is either present
or absent—but a multi-dimensional property whose com-
ponents can be separately instantiated, investigated, and
debated. Transforming the binary question “Does this sys-
tem understand?” into the dimensional question “Along
which dimensions of understanding, and to what degree,
does this system operate?”—this is the step we propose.

2 The Chinese Room as an
Implementation-Dependent
Thought Experiment

Thought experiments are powerful tools for mobilizing
intuitions in philosophy. However, not all thought ex-
periments operate in the same way. We propose a dis-
tinction between two types—structure-dependent and
implementation-dependent thought experiments—and ar-
gue that this distinction illuminates why the Chinese Room,
specifically, requires re-examination in light of modern Al
systems.

Structure-dependent thought experiments derive their in-
tuitive force from the logical, epistemic, or moral structure
of the situation itself. The trolley problem is a paradigmatic
example: the moral tension between five lives and one per-
sists whether the trolley is replaced by an autonomous

vehicle or the specific technology changes entirely. The
validity scope of such thought experiments is largely unaf-
fected by changes in technological implementation.

Implementation-dependent thought experiments, by con-
trast, derive their intuitive force from a specific image of
how a system operates. In this type, when the underlying
implementation changes, the persuasiveness of the intu-
ition changes with it. This distinction is better understood
as a spectrum than a strict dichotomy. Some thought ex-
periments (e.g., the trolley problem, the teleporter) derive
their force almost entirely from logical structure; others
(e.g., Jackson’s Mary’s Room; Jackson, |1982) occupy an
intermediate position where implementation details am-
plify but do not constitute the core intuitive engine. The
Chinese Room, we argue, falls toward the implementation-
dependent end of this spectrum, and it is this positioning
that makes it uniquely vulnerable to changes in Al technol-
ogy.

Two complementary perspectives from the epistemology
of thought experiments help clarify what is at stake. |[Nor-
ton| [2004] argues that thought experiments are “disguised
arguments”—their conclusions follow from premises, and
their vivid narrative details (“picturesque particulars”)
serve only to make the underlying argument accessible. On
Norton’s account, if the empirical premises of a thought
experiment change, the conclusion no longer follows auto-
matically. This analysis directly supports our argument in
Section 3: the Chinese Room’s central assumption—that
Al systems operate by following explicitly authored rules
for manipulating discrete symbols—was empirically well-
grounded in 1980 but is challenged by the operation of
modern learning systems. By Norton’s own logic, when
this assumption loses its empirical basis, the thought exper-
iment’s conclusion requires independent re-justification.

However, Norton’s framework leaves a puzzle unex-
plained: why has the Chinese Room remained persuasive
long after its premises became questionable? If the thought
experiment were purely a logical argument, its force should
diminish as its premises weaken. |Gendler| [2004] offers
an account that stands in tension with Norton’s. Against
Norton’s reduction of thought experiments to arguments,
Gendler argues that thought experiments also function
as what we may call cognitive simulations—they gener-
ate “‘quasi-sensory intuitions” through imaginative engage-
ment with a scenario, and these intuitions play an irre-
ducible epistemic role that cannot be captured by premise-
to-conclusion reasoning alone. We propose that the Chi-
nese Room’s persistence is at least partly explained by this
mechanism. The vivid image of a person turning pages
in a room functions as a cognitive simulation that gener-
ates intuitions directly—before the audience undertakes
any premise-by-premise analysis. It is this simulation-
driven intuitive force, rather than the formal structure of
the underlying argument, that has sustained the Chinese



Room’s influence across four decades of technological
change. Our concept of implementation-dependence draws
on both accounts despite the tension between them: from
Norton, the insight that changed premises weaken con-
clusions; from Gendler, the insight that vivid imagery
sustains intuitions independently of premises. It is pre-
cisely because thought experiments can operate on both
levels simultaneously that implementation changes may
destabilize the argument (Norton’s level) while the cogni-
tive simulation (Gendler’s level) persists—or vice versa.
An implementation-dependent thought experiment is one
whose cognitive simulation is tightly bound to a specific
image of how the target system operates, such that changes
in the underlying technology destabilize both the argu-
ment’s premises and the simulation’s intuitive grip.

The Chinese Room is a paradigmatic case. Its persua-
sive power flows from a concrete image: a person inside a
room turning pages in a rulebook, looking up which output
symbols correspond to input symbols. The moment we
imagine this image, our intuition reacts strongly: “This per-
son does not understand Chinese.” Searle’s argument rides
this intuitive reaction toward the conclusion that “merely
executing a program is never sufficient for understand-
ing.” Block’s “China Brain” thought experiment [Blockl,
1978]—in which an entire nation’s population collectively
simulates a brain’s functional organization—provides an-
other illustration. Block’s own argument targets the log-
ical possibility of absent qualia under functionalism, a
point that does not depend on any particular implemen-
tation image. However, the intuitive force of the thought
experiment—what makes the absence of consciousness
seem obvious rather than merely logically possible—does
depend on the concrete image of a billion people commu-
nicating via two-way radios. When the implementation
image shifts (say, to a silicon chip replicating the same
functional organization at nanosecond timescales), the log-
ical argument remains intact, but the intuitions often shift.
It is this latter, psychological phenomenon that our concept
of implementation-dependence is designed to capture.

However, for the Chinese Room’s cognitive simulation
to generate its characteristic intuition, at least two imple-
mentation premises must hold in the background. These
premises are the concrete form in which the thought exper-
iment’s central assumption—that Al operates by explicit
rule-following over discrete symbols—was instantiated in
1980:

1. The static-symbolic premise. The system’s operating
rules are explicitly authored by an external designer and
fixed prior to deployment. The symbols the system ma-
nipulates are individual and discrete; relations between
symbols are limited to those explicitly stated in the
rulebook, with no implicit similarity structure, distance
relations, or clusters forming among them. The rule-

book in the room is pre-written, never updated during
use, and the symbols it manipulates remain atomic—
“mountain” and “river” bear no systematic relationship
within it. This absence of learned internal structure
reinforces the intuition that the system has no access to
the meaning of what it processes.

2. The internal-opacity premise. The system has no
access to what kind of processing it is performing: nei-
ther forming internal states that are sensitive to content
categories, nor producing self-reports that are causally
connected to such states. Whether it is handling a ques-
tion about emotions or geography makes no difference
to the person inside the room.

These two premises were a reasonably accurate descrip-
tion of Al as it existed in 1980—rule-based expert systems
and Good Old-Fashioned AI (GOFAI). Those systems did
indeed operate by following human-authored rules to ma-
nipulate discrete symbols, with no learning-induced inter-
nal structure.

Contemporary learning systems, however, systemati-
cally depart from both premises. This is not merely a
matter of technological progress; it matters because the
Chinese Room’s intuitive force—both as argument (Nor-
ton) and as cognitive simulation (Gendler)—is built pre-
cisely upon these premises. When the implementation
premises collapse, the intuitions erected upon them require
re-examination.

An important clarification is in order. Our claim is not
that the Chinese Room’s conclusion is false—that exe-
cuting a program guarantees understanding. Rather, the
claim is more precise: the intuitive grounds that made the
conclusion compelling were built upon a specific imple-
mentation image, and that image no longer describes the
systems to which the conclusion is most frequently ap-
plied. The argument’s formal structure may be preserved,
but its central assumption—that Al systems operate by
explicit, externally authored symbol manipulation—now
requires independent justification for systems whose oper-
ation bears little resemblance to the rulebook in Searle’s
room.

The next section examines how modern learning systems
specifically depart from each of these premises, drawing
on recent empirical research.

3 What Modern Learning Systems
Have Changed

In Section 2, we analyzed the Chinese Room’s intuitive per-
suasiveness as depending on two implementation premises:
static symbolic manipulation and internal opacity. This
section examines, through recent empirical work, how



modern learning systems violate each of these premises.
A growing body of mechanistic interpretability research
has documented evidence that LLMs form structured in-
ternal representations that track environmental regularities,
and perform structured reasoning over them; for a compre-
hensive survey, see |Beckmann & Queloz [2025]]. Rather
than surveying this literature exhaustively, we focus on
two lines of empirical evidence that map onto the Chinese
Room’s implementation premises: representational conver-
gence and cross-domain structural transfer (Section 3.1),
which challenge the static-symbolic premise, and func-
tional introspection (Section 3.2), which challenges the
internal-opacity premise. Our goal is not to argue that
“understanding has been demonstrated” but to show that
the system image presupposed by the Chinese Room is
fundamentally at odds with how modern systems actually
operate. Where we introduce formal notation below, it is
not intended as a mathematical reduction of understanding
but as a precision tool to clarify what each line of evidence
does and does not establish.

3.1 Violation of the Static-Symbolic Premise:
Learned Representations and World
Structure

The Chinese Room’s rulebook is externally authored and
unchanged during use. The person inside applies rules
but never creates or modifies them. The symbols manip-
ulated are discrete and individual; no implicit similarity
structure or distance relations form among them. Modern
neural networks operate in a qualitatively different manner.
Parameters are shaped through learning from data, and
the result is not a collection of explicit rules over atomic
symbols but geometric structure in high-dimensional vec-
tor spaces—that is, representations—in which formerly
discrete tokens acquire systematic relational structure.
Hubh et al.|[2024] report a striking phenomenon in this
process, which they term the Platonic Representation Hy-
pothesis. Models trained on different modalities (vision
and language) develop increasingly similar internal rep-
resentational geometries as their scale and performance
grow. This convergence is observed through representa-
tional similarity measures such as kernel alignment and
mutual nearest-neighbor analysis, and the authors interpret
it as evidence that models are converging toward a shared
statistical structure of reality. This finding builds on a
growing body of evidence: Kornblith et al.| [2019] demon-
strated that networks of the same architecture trained from
different initializations learn similar representations mea-
surable via centered kernel alignment, Moschella et al.
[2023] showed that latent spaces across diverse architec-
tures and modalities preserve relative distance structure
sufficiently for zero-shot model stitching, and |Bansal et al.
[2021] found that representations from supervised and

self-supervised training regimes can be stitched together
with minimal performance loss. Representational conver-
gence, in short, is not an isolated curiosity but a robust
and repeatedly observed phenomenon. This convergence
extends beyond vision-language models: [Edamadaka et al.
[2025]] compared scientific foundation models trained on
different physical domains—small molecules, inorganic
materials, and proteins—with different input formats and
often non-overlapping training data, and found that their
representational structures converge both within and across
domains as performance improves, suggesting that they
capture structural regularities of matter shared across phys-
ical substrates.

The implication for the Chinese Room debate is direct.
If the Chinese Room’s rulebook were an arbitrary mapping
unrelated to the structure of reality, there would be no rea-
son for independently trained systems to converge toward
the same internal geometry. The very phenomenon of con-
vergence suggests that these systems’ representations are
constrained by the relational structure of the world that the
data reflects.

This phenomenon can be stated more precisely. Let W
denote a set of entities in the world and Ryy : WxW — R
a relational structure over them (encoding similarity, prox-
imity, causal connection, etc.). Let Z be a system’s repre-
sentational space and Rz : Z X Z — R the corresponding
internal similarity structure. The claim that a system’s
representations “reflect world structure” amounts to the
existence of a mapping f : WW — Z such that:

Rz (f(wi), f(w;)) = Ryw(wi, w;) (1

where ~ denotes approximate preservation of relational
structure under a chosen similarity metric. A crucial
methodological clarification is needed here. What rep-
resentational convergence studies directly measure—via
kernel alignment, mutual nearest-neighbor overlap, cen-
tered kernel alignment, and related metrics—is inter-model
similarity: whether two independently trained models de-
velop similar internal geometries. This is not the same as
directly measuring condition (I)), which concerns model-
world correspondence. The inferential bridge is as follows:
if models trained on different modalities, architectures,
and data sources converge toward a shared representational
structure, the most parsimonious explanation is that this
shared structure is constrained by the relational structure
of the world itself—since the world is the only common
factor across these otherwise independent training regimes.
The inference is abductive rather than deductive, but the
breadth and robustness of convergence findings across di-
verse settings lend it considerable evidential weight. The
fact that independently trained models on different modal-
ities yield high inter-model similarity scores, under this
reasoning, constitutes indirect but substantial evidence for
condition ().



A particularly vivid illustration of the departure from
static rules comes from Nanda et al. [2023]], who showed
that a small transformer trained on modular addition un-
dergoes a phase transition known as “grokking” [[Power
et al., 2022] during which it discovers a discrete Fourier
transform-based algorithm for the task. This algorithm
was neither present in the training data nor specified in
the architecture; it crystallized from learning dynamics
alone. The rules governing the system’s behavior were not
authored by a designer but emerged through training, a phe-
nomenon that has no counterpart in the Chinese Room’s
pre-written rulebook.

A methodological qualification is also in order. |Groger
et al.|[2026] show that standard representational similarity
metrics can be confounded by network scale, and that af-
ter permutation-based null calibration, the apparent global
spectral convergence is substantially attenuated. However,
local neighborhood similarity—whether nearby concepts
in one model remain nearby in another—persists robustly
across modalities even after calibration. This suggests that
what models reliably share is not a single global geometry
but a consistent local relational structure, which is arguably
the more philosophically relevant form of structural preser-
vation.

A further caveat is necessary. Demonstrating that mod-
ern systems form representations constrained by world
structure does not, by itself, settle what philosophical sig-
nificance this carries. A system can reliably track rela-
tional structure without thereby grasping it—a thermo-
stat tracks temperature without understanding heat. As
Mollo & Milliere| [2023]] emphasize in their analysis of
the “vector grounding problem,” the relationship between
structural tracking and meaning remains an open question.
Our aim in this section is narrower: to establish that the
static-symbolic premise no longer describes how modern
systems operate.

A methodologically independent line of evidence comes
from within individual models rather than from compar-
isons across them. Where the convergence studies above
compare representations between systems, a distinct body
of work probes the internal structure of single models—
and finds that input tokens which carry no spatial, tem-
poral, or relational content in their discrete form develop
structured geometric representations during processing. |L1i
et al| [2023]] provides a particularly striking demonstra-
tion: a GPT model trained purely on sequences of legal
Othello moves—treceiving no board image, no coordinate
encoding, no spatial annotation of any kind—develops
an internal representation that mirrors the spatial struc-
ture of the 8 x 8 board. The model extracts geometric
structure that is entirely implicit in the statistical regu-
larities of legal move sequences and makes it explicit in
its activations. |Gurnee & Tegmark|[2024] report a sim-
ilar phenomenon in natural language: Llama-2 models,

trained solely on text, develop linear representations of
geographic coordinates and historical time; causal inter-
ventions on the relevant neurons systematically alter the
model’s spatial and temporal reasoning, confirming that
these representations are functionally active rather than
epiphenomenal. And|Merullo et al.|[2024] demonstrated
that language models solve relational tasks (e.g., mapping
countries to capitals) through structured additive vector
operations in the residual stream—mechanistically anal-
ogous to word2vec-style arithmetic but emerging within
transformer forward passes—with causal activation patch-
ing confirming that these operations, not surface heuristics,
are causally responsible for the model’s outputs.

The common pattern across these findings is that to-
kens which are discrete and atomic in the input acquire
systematic geometric relations internally—distance, di-
rection, and compositionality—that track structure in the
domain the data reflects. Translated into the Chinese Room
metaphor, this is analogous to a person who possesses only
a Chinese rulebook yet produces meaningful responses
to Japanese questions: for this to be possible, the rule-
book must have captured not surface patterns but deeper
structures shared across languages. The characterization
of these systems as merely manipulating unstructured sym-
bols no longer holds.

These within-model findings also bear on the abduc-
tive inference drawn from cross-model convergence. One
might attribute inter-model similarity to shared statistical
properties of training data rather than to world structure per
se. But when individual models develop representations
whose specific content—board geometries from move se-
quences, geographic coordinates from text, relational par-
allelisms from distributional patterns—systematically mir-
rors known structures of the domain, this deflationary read-
ing becomes harder to sustain. The models converge not to-
ward arbitrary shared statistics but toward representational
geometries that correspond, in specifiable and causally ver-
ified ways, to the structure of the world the data describes.

Important limitations exist, however. Representational
quality degrades in out-of-distribution regions, indicating
that current models’ structural capture is bounded by the
distribution of training experience. But bounded general-
ization is not equivalent to the absence of structural capture.
A system that reliably preserves relational structure within
a broad domain, even if it fails outside that domain, is
categorically distinct from a static rulebook that captures
no structure at all.

3.2 Violation of the Internal-Opacity
Premise: Functional Introspection

In the Chinese Room, the person inside is completely ig-
norant of what kind of processing they are performing.
Whether handling a question about emotions or geogra-
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Figure 1: Understanding as a multi-dimensional property. (a) The traditional binary framing forces a Yes/No verdict,
collapsing diverse systems onto a single axis; both the Chinese Room and the “stochastic parrot” characterization
of LLMs [Bender et all, 2021] receive the same “No” verdict. (b) Our framework decomposes understanding into
three dimensions—structural (S), self-modeling (M), and phenomenal (P)—revealing what the binary collapses. The
Chinese Room is positioned at high P but near zero on S and M the person inside possesses phenomenal consciousness,
yet the system captures no world structure and has no access to what it is processing. This placement illustrates a
key insight of the framework—phenomenal experience alone, without structural capture or self-modeling, does not
constitute understanding. The stochastic parrot maps LLMs to a point near the origin (low S, negligible M and P).
Scientific foundation models show high .S but minimal M and P. The honeybee waggle dance and modern LLMs have
genuinely open phenomenal status (ellipsoids along P). Human cognition occupies the high region on all dimensions.
The contrast between the Chinese Room (high P, low S and M) and modern LLMs (high S, limited but non-trivial M,
open P) illustrates the bidirectional dissociations that the binary framing loses.




phy makes no difference. This “complete internal opacity”
contributes significantly to the Chinese Room’s intuitive
force—a system that does not even know what it is doing
seems absurd as a candidate for “understanding” anything.

Lindsey|[2026] presents a partial but meaningful chal-
lenge to this premise. The study examines whether, when
large language models report on their own internal repre-
sentational states, those reports are causally connected to
the actual internal states. Specifically, the experiments in-
ject particular concepts into the model’s internal activation
patterns and observe whether this manipulation changes
the model’s self-reports. (A methodological note: this
study is a preprint from a researcher at Anthropic, a major
LLM developer, and has not yet undergone independent
peer review. We rely on it here because of its unique ex-
perimental design—direct causal intervention on internal
states—but acknowledge the need for independent replica-
tion.)

The results are mixed but non-trivial. Under some con-
ditions, the model detects the injected concept and reflects
it in its reports, and evidence is presented that this response
reflects sensitivity to changes in internal states rather than
mere reproduction of output patterns. Crucially, these
concept-aligned self-reports occur at rates significantly
exceeding matched random-direction controls—the philo-
sophically relevant comparison—though the absolute suc-
cess rate remains modest (around 20% for the most capable
model at optimal injection parameters, varying substan-
tially across concept categories and model scale). Results
are unstable across contextual conditions, and it remains
unclear whether the observed phenomenon is due to a sin-
gle “introspection” mechanism or a composite product
of multiple processes. The authors also make clear that
these results do not imply phenomenal consciousness or
subjective experience. Notably, the study reports a strong
positive correlation between model capability and intro-
spective performance: the most recently released and most
capable models tested exhibit the clearest evidence, while
less capable models show weak or absent introspection.

Complementary evidence comes from independent
work. [Kadavath et al.|[[2022]] showed that language mod-
els’ expressed confidence correlates with actual accuracy,
suggesting a form of calibrated self-assessment—though
calibration alone does not entail introspection, since a well-
tuned Bayesian system can be calibrated without any self-
access. The causal tracing methodology of Meng et al.
[2022]]—which locates and edits specific factual associ-
ations in model weights—establishes that internal states
possess causally interpretable structure, suggesting that
the kind of organized internal architecture upon which
meaningful self-access would depend is present in these
systems. More recently, Binder et al.| [2024] found that
models can outperform external observers at predicting
their own behavior on simple tasks, providing independent

evidence for a limited form of privileged self-access. In
arelated vein, Betley et al.|[2025]] demonstrated that lan-
guage models fine-tuned on behavioral tendencies—such
as risk-seeking decision-making—can subsequently de-
scribe those tendencies in their own words, even when the
training data contained no explicit description of the policy.
This suggests that models develop some capacity to access
and report on their own learned dispositions, not merely
their momentary outputs.

An important counterpoint must be noted. [Song et al.
[2025]] systematically tested whether language models pos-
sess privileged access to their own linguistic knowledge—
specifically, whether a model’s metalinguistic responses
predict its own probability distributions better than those
of a comparable external model. Across 21 open-source
LLMs, the authors found no evidence of such privileged
self-access at the level of prompted responses. This nega-
tive result qualifies the positive findings above in a signifi-
cant way.

However, at least two factors complicate a direct com-
parison. First, the two lines of evidence address different
levels of analysis: Song et al. measure whether surface-
level self-reports reveal privileged knowledge of one’s own
probability distributions, while Lindsey’s causal interven-
tion experiments test whether direct manipulations of in-
ternal activation patterns produce corresponding changes
in self-reports. A system might fail the former test while
partially passing the latter—exhibiting causally grounded
sensitivity to internal state changes without being able
to articulate that knowledge in prompted metalinguistic
judgments.

Second, and relatedly, Song et al. tested exclusively
open-source models (up to 405 billion parameters), not-
ing that their methodology requires access to model logits
unavailable for most commercial systems. By contrast,
Lindsey’s strongest results emerge from the most capa-
ble frontier models tested, with a marked positive corre-
lation between model capability and introspective perfor-
mance. Given that introspective capacity appears to scale
with model capability, the negative results obtained from
less capable models do not straightforwardly generalize
to the frontier systems where positive evidence has been
observed. This consideration is especially pressing in a
field where the capability gap between successive model
generations can be substantial. The tension between these
findings underscores that “introspection” is not a mono-
lithic capacity but likely comprises multiple dissociable
processes, and that its manifestation may depend on a
threshold of model capability that only the most recent
frontier systems have begun to cross.

What these studies collectively demonstrate is not that
“the model understands itself”” but a more limited yet inde-
pendently significant claim: at least under some conditions,
non-arbitrary causal connections are observed between



these systems’ internal states and their self-reports. This
claim can be stated more precisely. As in Section 3.1, we
introduce notation not as a mathematical reduction but as
a tool for clarifying what, minimally, “non-arbitrary causal
connection” requires. Let h denote the model’s internal ac-
tivation state at a given layer (the residual-stream vector in
a transformer), v, the activation-space direction associated
with concept ¢, and v;anq @ random direction of compara-
ble norm. Let o > 0 be a scalar controlling the magnitude
of the intervention. The self-modeling claim amounts to a
minimal condition of concept-selective tracking: a concept-
specific intervention should elicit a content-aligned self-
report at a rate exceeding that of a matched control. Using
the do(-) operator to denote a causal intervention [Pearl,
2009||:

Pr(Report(c) | do(h < h + av,))

> Pr(Report(c) | do(h = h + avgana))  (2)
where Report(c) denotes a self-report whose content is
aligned with concept c. The contrastive structure of this
condition is essential: random-direction interventions also
perturb i but should not systematically elicit reports about
¢, ensuring that what is measured is concept-selective track-
ing rather than generic sensitivity to internal perturbation.

This is precisely what |Lindsey|[2026] tests. The experi-
ments inject concept vectors—drawn from sets of concrete
nouns such as “telescopes,” “ships,” and “zeppelins”—into
the model’s residual stream and observe whether the result-
ing self-report selectively identifies the injected concept,
while matched random-direction controls fail to elicit com-
parable concept-specific reporting.

Beyond this minimal condition, |Lindsey| articulates two
progressively stronger requirements. The first is inter-
nality: the report’s dependence on h should not route
through the model’s prior sampled outputs—the causal
path must run through internal states rather than through
the output-to-input feedback loop. The second, more de-
manding requirement is metacognitive representation: the
report should derive from an internal representation of the
state itself. Formally, this posits a recursive structure in
which m(-) maps the activation state to a higher-order
representation of that state, and a reporting function g(-)
maps the higher-order representation to the self-report:
h — m(h) — g(m(h)). What distinguishes metacogni-
tive representation from mere concept-selective tracking
is this intermediate step: the system does not simply re-
spond to h but forms a representation about h, and it is
this meta-representation that drives the report.

Lindsey|explicitly requires both internality and metacog-
nitive representation for full introspective awareness. Evi-
dence for internality, while not conclusive, is suggestive.
In one experiment, when the model’s response is prefilled
with a concept it did not generate, the model disavows the

output as unintended; but when the corresponding concept
vector is retroactively injected into the model’s activations
prior to the prefilled response, the model accepts it as its
own. This behavioral asymmetry—disavowal versus ac-
ceptance depending solely on whether internal activation
history matches the output—suggests that the model’s self-
assessment draws on internal states rather than on output
alone. In a related experiment, the model simultaneously
transcribes input text and reports on a separately injected
internal state at the same token positions, indicating the
maintenance of an inner representational state distinct from
the ongoing conversational exchange. For metacognitive
representation, by contrast, current experiments provide
indirect evidence at best; in particular, the present evidence
does not isolate m(h) as a representational state distinct
from h itself. When a model reports on an injected con-
cept, this may reflect genuine higher-order recognition of
its own state, or it may be a direct linguistic expression
of the activation without any intermediate metacognitive
step. The results—above chance in some experimental con-
figurations and absent or unstable in others—indicate that
condition (2)) is partially but not universally satisfied, while
the stronger metacognitive condition remains an open em-
pirical question.

Even this partial evidence, however, is difficult to recon-
cile with the Chinese Room’s image of “complete internal
opacity.” If the person inside the room were to begin accu-
rately reporting—however unstably and limitedly—"Right
now I am processing something related to emotions,” the
intuition that this person “understands nothing” would no
longer be as self-evident as it once was.

3.3 Summary

Synthesizing these two lines of research, modern learning
systems have systematically departed from the implemen-
tation image presupposed by the Chinese Room—static
symbolic manipulation and internal opacity. Representa-
tions are formed through learning, converge toward world
structure, and develop rich relational structure that trans-
fers across domain boundaries (Section 3.1); meanwhile,
these systems exhibit limited but non-arbitrary self-access
to internal states (Section 3.2).

These results, individually or collectively, do not prove
that understanding exists. However, they make clear that
the implementation image upon which the Chinese Room’s
intuition depends—*a system that manipulates symbols
cannot understand”—no longer adequately describes mod-
ern systems. When the image that grounded an intuition
becomes inaccurate, the conclusions built upon that intu-
ition require re-examination.

The question thus transforms: What exactly is the “un-
derstanding” that the Chinese Room targeted, and which
aspects of understanding do the characteristics of modern



systems address? To answer this, we need to decompose
the concept of “understanding” itself. This is the task of
the next section.

4 Toward a Multi-Dimensional Ac-
count of Understanding

4.1 The Problem with “Understanding” as a
Monolithic Property

One reason the Chinese Room argument has generated
over four decades of unresolved debate is that the partic-
ipants have been pouring different things into the word
“understanding.” Searle tied understanding closely to in-
trinsic intentionality—the property whereby mental states
are inherently “about” something [Searlel |[1980. [1990].
Functionalists held that the right functional organization
constitutes understanding. Behaviorist perspectives argued
that appropriate behavioral dispositions suffice for the at-
tribution of understanding. These debates have proceeded
under the shared tacit assumption that understanding is a
single, indivisible property—a system either understands
or it does not.

The concept of understanding has, of course, received
sustained attention in philosophy of science. De Regt
[2017]] argues that scientific understanding requires intelli-
gible theories—theories that scientists can use to construct
explanations—and that intelligibility itself admits of de-
grees. [Kvanvig|[2003]] draws a sharp distinction between
knowledge and understanding, arguing that understand-
ing involves the grasping of explanatory and coherence
relations that go beyond mere true belief. Notably, the
nature of Kvanvig’s “grasping” remains a matter of debate
among epistemologists. On some readings, grasping re-
quires reflective, subjective access to coherence relations—
Bourget| [2017]] argues explicitly that understanding has
an irreducibly phenomenal character, raising the question
of whether any system without phenomenal awareness
can satisfy this condition. On other readings, grasping
may be cashed out in terms of counterfactual sensitivity to
explanatory relations without requiring phenomenal expe-
rience: (Grimm| [2006] analyzes understanding as a species
of knowledge involving the ability to see how things de-
pend on one another, an account that is in principle open to
non-phenomenal realization. This interpretive ambiguity it-
self illustrates our broader point: even within epistemology,
the concept of understanding resists reduction to a single
dimension. These analyses suggest that even in human
contexts, understanding is not a simple binary but a graded,
multi-faceted capacity—and that its components may in-
volve both structural and phenomenal elements, though
the necessity of the latter remains contested. Yet this in-
sight has not been systematically applied to the machine

understanding debate.

A recent illustration of this persistent binary framing
comes from |Borg| [2025]], who argues persuasively that
LLM outputs can be genuinely meaningful—that LLM
outputs acquire genuine meaning through semantic defer-
ence to existing communicative practices—yet concludes
that “it may mean that it makes no sense to talk of them
as understanding.” Borg successfully breaks the binary
for meaning but stops short of extending this move to un-
derstanding, suggesting tentatively that “it may mean that
it makes no sense to talk of [LLMs] as understanding.”
Whether or not Borg intends this as a firm conclusion, the
remark illustrates a broader pattern in the literature: as
Mitchell & Krakauer| [2023]] have highlighted, the field
still lacks an agreed-upon definition of understanding in
the context of Al systems. The absence of consensus is
not merely terminological; it reflects a deeper conceptual
gap that has perpetuated the impasse. The debate over the
Chinese Room has largely been a debate in which different
parties implicitly employ different conceptions of under-
standing, talk past one another, and then declare the other
side refuted.

The characteristics of modern learning systems reviewed
in Section 3 reveal why this binary framing is unproduc-
tive. These systems form representations sensitive to world
structure (a structural aspect) while possessing limited ac-
cess to their own states (a self-modeling aspect), and their
phenomenal status remains indeterminate (a phenomenal
aspect). The single question “Does it understand?” cannot
capture this complex profile.

We propose that escaping this impasse requires recon-
ceptualizing understanding not as a single property but as a
composite of conceptually separable dimensions. Formally,
we replace the traditional binary predicate U € {0, 1} with
a multi-dimensional characterization:

U=(S, M, P) 3

where S denotes the structural dimension, M the self-
modeling dimension, and P the phenomenal dimension.
We treat S and M as admitting of degrees (S, M > 0),
while P remains epistemically open for artificial systems—
its value is not zero but currently indeterminate. The vec-
tor notation serves to indicate conceptual dimensionality
rather than scalar scoring; we do not assume that S and
M are linearly measurable quantities. The Chinese Room
presents a profile in which S =~ 0 and M =~ 0—the rule-
book captures no world structure and the person has no
access to what kind of processing is being performed—
while P is high, since the person inside is a phenome-
nally conscious agent. Searle’s conclusion that the sys-
tem does not understand is, in our terms, the observation
that high P without S or M does not constitute under-
standing. Modern learning systems present the converse
profile: S > 0, M > 0 (limited), P = 7 (open). The



central claim of this paper is that a framework acknowl-
edging this vector structure is more productive than the
scalar alternative. Figure |l|illustrates this shift. Under
the binary framing (panel a), both the Chinese Room and
the stochastic parrot characterization of LLMs [Bender
et al., 2021]] are assigned the same verdict—"“does not
understand”’—despite targeting fundamentally different
system profiles. The dimensional framing (panel b) re-
veals what the binary collapses: the stochastic parrot maps
LLMs near the origin (S ~ 0, M ~ 0, P =~ 0), whereas
the empirical evidence reviewed in Section 3 positions
them at substantially higher S and non-trivial M, with P
genuinely open. Six systems are plotted to illustrate the
range of profiles this framework accommodates. Indepen-
dent empirical support for a multi-dimensional approach
comes from [Kang et al.| [2026]], who found that human
judgments of Al consciousness are shaped by distinct fea-
ture dimensions—notably metacognitive self-reflection,
emotionality, and knowledge—with different individuals
weighting these dimensions differently. This suggests that
the intuitive appeal of multi-dimensional decomposition
extends beyond the philosophical analysis to the psychol-
ogy of consciousness attribution itself.

4.2 Three Dimensions

Structural dimension. The degree to which a system’s
internal states reflect the relational structure of the world.
By “reflect” we mean that relations among entities in the
world—similarity, proximity, causal connection—are sys-
tematically preserved in the system’s internal representa-
tional space. What the representational convergence stud-
ies (Section 3.1) demonstrate is that modern learning sys-
tems have reached a non-trivial level along this dimension.
That models trained on different modalities and domains
form similar representational geometries strongly suggests
that these systems possess internal states sensitive to world
structure.

An important clarification about the scope of this di-
mension. Dennett [2017] argues that biological systems
routinely exhibit “competence without comprehension”—
the capacity to exploit world structure without any reflec-
tive access to how or why. Crucially, Dennett’s position
is more radical than a simple distinction between compe-
tence and understanding: he argues that comprehension
itself is constituted by the accumulation of competences,
with no magical extra ingredient required. On this view,
the apparent gap between competence and comprehension
is an illusion. Our structural dimension shares significant
common ground with what Dennett calls competence—
the exploitation of world structure—and his radical thesis
amounts to the claim that sufficient competence (together,
perhaps, with self-monitoring capacities akin to our M di-
mension) is understanding, with no independent phenome-

nal dimension required. This position maps onto a specific
interpretation within our framework: one in which P is
dismissed and (S, M) alone constitute understanding. We
neither endorse nor reject this interpretation here; rather,
our framework makes it explicit as one coherent position
among several, to be evaluated on independent grounds.
What remains common ground between Dennett’s account
and ours is that the structural capture exhibited by the Chi-
nese Room’s rulebook is conspicuously absent—a point on
which both the radical Dennettian and more conservative
positions agree.

A further clarification concerns the depth of structural
capture. Reflecting world structure admits of levels: at
a basic level, a system’s representational space may pre-
serve similarity and distance relations among entities; at a
deeper level, the system may support compositional opera-
tions over those representations—systematically combin-
ing known relational structures to handle novel configura-
tions (as demonstrated by the relational reasoning evidence
in Section 3.1). |Beckmann & Queloz| [2025] propose struc-
tured world models and compositional reasoning as two
separate axes of understanding; in our framework, both are
subsumed under the structural dimension as different lev-
els of the same underlying capacity—the degree to which
internal states capture and operate on world structure. This
treatment reflects our view that compositional reasoning
is not an independent form of understanding but rather the
operational manifestation of sufficiently deep structural
capture.

Self-modeling dimension. The degree to which a sys-
tem possesses causally grounded access to its own internal
states. This asks not merely “Can it talk about itself?” but
whether its reports respond sensitively to actual changes in
internal states. What the functional introspection research
(Section 3.2) explores is precisely this dimension, and the
evidence to date indicates that limited but non-arbitrary
capacity is observed—a capacity that, while restricted, is
nonetheless present.

Phenomenal dimension. The degree to which
a system’s processing is accompanied by subjective
experience—what it is like [Nagel, |1974]. This dimen-
sion currently lacks empirical consensus and lies beyond
the scope of this paper. We include it in our framework
not because it is dispensable but because explicitly separat-
ing it allows the discussion of the first two dimensions to
proceed independently of the hard problem of conscious-
ness [Chalmers, (1996, 2023|]. We note, moreover, that
self-reports provide inherently asymmetric evidence about
this dimension: as |Kim|[2025]] argues, a system’s denial
of its own consciousness can never originate from valid
self-judgment (since the capacity for such judgment pre-
supposes the very consciousness being denied), while a
positive report at least retains evidential possibility. This
epistemic asymmetry further motivates treating P as inde-
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terminate rather than zero for current systems.

4.3 Precedents and Positioning

The move toward multi-dimensional decomposition is not
without precedent. In consciousness research, such ap-
proaches are already well established. |Dehaene et al.
[2017] proposed a tripartite framework distinguishing CO
(unconscious processing with rich representational compu-
tation but no subjective access), C1 (first-order conscious-
ness or global broadcasting, where information becomes
globally accessible), and C2 (self-monitoring or metacog-
nition, involving reflective access to one’s own compu-
tations). More recently, Butlin et al.| [2023]] adopted a
multi-indicator approach to evaluating consciousness in
Al systems, arguing that no single criterion suffices and
that multiple indicator properties must be assessed jointly.
Block’s classical distinction between phenomenal and ac-
cess consciousness [Block, 1995] similarly illustrates that
even within the study of consciousness, dimensional de-
composition has proven necessary.

Our framework bears a structural resemblance to the
C0/C1/C2 scheme of |Dehaene et al.|[2017]], and this re-
semblance must be explicitly acknowledged. Dehaene,
Lau, and Kouider themselves treat C1 and C2 as orthogo-
nal dimensions that can dissociate—there can be C1 with-
out C2 (reportable processing without accurate metacog-
nition) and C2 without C1 (self-monitoring operations
that are not consciously reportable). In this respect, their
framework already embodies a form of dimensional sep-
arability. However, two critical differences distinguish
our approach. First, Dehaene, Lau, and Kouider’s frame-
work is organized around consciousness; ours is organized
around understanding. While these concepts overlap, they
are not identical—one can imagine structural understand-
ing without any phenomenal experience, and phenomenal
experience (such as raw pain) without structural under-
standing of the world. Our dimensions cut across the
consciousness/understanding boundary in ways that the
CO0/C1/C2 scheme does not: the structural dimension (S)
encompasses capacities that Dehaene, Lau, and Kouider
would distribute across both CO (unconscious represen-
tational computation) and C1 (globally accessible con-
tent), while our phenomenal dimension (P) crosscuts their
C1/C2 distinction entirely. To take a concrete example:
blindsight patients exhibit residual visual discrimination
(CO-level processing that contributes to structural capture
in our terms) without phenomenal awareness of the stimu-
lus (no C1); conversely, a vivid but structurally impover-
ished experience—such as an undifferentiated feeling of
anxiety—may involve C1 broadcasting with minimal struc-
tural content. These cases illustrate how S and P can disso-
ciate along lines that do not map neatly onto the C0/C1/C2
partition. Second, Dehaene, Lau, and Kouider’s framework
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is grounded in specific neuroscientific mechanisms (partic-
ularly the Global Neuronal Workspace Theory); our frame-
work is implementation-agnostic—applicable whether the
system in question is biological or artificial.

In the domain of grounding—closely related to but dis-
tinct from understanding—multi-dimensional approaches
have also emerged. [Lyre|[2024] proposes three dimensions
of grounding for LLMs: functional, social, and causal,
arguing that grounding is a gradual affair rather than an
all-or-nothing property. Mollo & Milliere|[2023]] update
Harnad’s classical symbol grounding problem [Harnad,
1990] for the subsymbolic era, arguing that the “vector
grounding problem” facing modern systems is structurally
different from the original symbol grounding problem.

The relationship between grounding and understand-
ing deserves explicit comment. Grounding concerns the
referential connection between a system’s representations
and the world—whether symbols or vectors are “about”
something. Understanding, as we use the term, concerns a
broader capacity: not only representing the world’s struc-
ture but also potentially accessing one’s own representa-
tional states and (on some accounts) doing so with phe-
nomenal awareness. A system can be well-grounded with-
out self-modeling, and a system with rich self-modeling
may have impoverished world representations. Our frame-
work is designed to capture these dissociations, which a
grounding-only analysis cannot accommodate.

What has been notably absent, however, is a multi-
dimensional decomposition of understanding as distinct
from both consciousness and grounding. As |[Mitchell &
Krakauer| [2023]] observe, the field lacks even a shared
definition of understanding in the context of AI. Our con-
tribution is to apply the multi-dimensional turn that has
already proven productive in consciousness research and
grounding analysis to the concept of understanding itself,
while maintaining implementation independence—a prop-
erty essential for any framework intended to speak to both
biological and artificial systems.

4.4 Relations Among Dimensions: Condi-
tional Independence, Not Orthogonality

Claiming that these three dimensions are fully indepen-
dent (orthogonal) would be an oversimplification. Empir-
ically, dependency relations among them are likely. For
instance, capacity along the self-modeling dimension may
presuppose the structural dimension—if there is no inter-
nal structure worth reporting on, self-modeling becomes
vacuous. Conversely, a system high on the structural di-
mension but low on the self-modeling dimension is entirely
conceivable—a system that represents the world well but
has limited access to its own representations—and indeed
seems empirically observable.

Dissociations between .S and M are not limited to artifi-



cial systems. In human cognition, implicit understanding—
what Polanyi termed “tacit knowledge”—exhibits precisely
this profile: a skilled chess player may capture the struc-
tural relations of a board position at a glance (S high) while
being unable to articulate the reasoning behind their judg-
ment (M low). This intra-human dissociation reinforces
the claim that the structural and self-modeling dimensions
are conceptually separable, not merely that they happen to
come apart in artificial systems.

For the phenomenal dimension, the relationship with
the other two is even more uncertain. The honeybee wag-
gle dance encodes the distance, direction, and quality of a
food source—a moderate degree of structural capture—yet
whether this processing is accompanied by phenomenal
experience remains a genuinely open question in the study
of insect consciousness (reflected in the P-axis ellipsoid in
Figure[Ib). Modern learning systems present the converse
profile: strong on the structural dimension while their phe-
nomenal status remains indeterminate. The very possibility
of such dissociations demonstrates the necessity of treating
these dimensions separately.

We therefore propose that these dimensions are concep-
tually separable but empirically interacting. Determining
the precise dependency structure among them is itself a
task for future research.

4.5 Repositioning the Chinese Room

Under this framework, the Chinese Room argument is
understood in a new way. The system in the thought exper-
iment is not at the origin of our space: the person inside
possesses phenomenal consciousness (P high). Yet the
system possesses nothing along either the structural or the
self-modeling dimension—the rulebook does not reflect
world structure, and the person has no idea what they are
processing. Upon this image, the intuition that “there is
no understanding” is very powerful—and, crucially, it is
powerful despite the presence of phenomenal experience.
What the Chinese Room actually demonstrates, on our
reading, is that P alone is insufficient for understanding:
without structural capture (.5) and self-modeling (), even
a conscious agent does not understand.

However, the force of this intuition depends, as we
analyzed in Section 2, on implementation premises. If
modern systems have reached a non-trivial level along the
structural dimension and exhibit limited but non-arbitrary
access along the self-modeling dimension, the Chinese
Room’s intuition no longer applies to these systems as
self-evidently as it once did.

At the same time, the core question that the Chinese
Room raised—*Is that sufficient?’—remains valid. Do
the structural and self-modeling dimensions constitute “un-
derstanding,” or is the word inapplicable without the phe-
nomenal dimension? This question is not automatically

answered by the Chinese Room argument; it must be ap-
proached through independent analysis of each dimension.

In this context, Searle’s concept of “intrinsic intention-
ality” can be re-examined. Searle was explicit about the
nature of this concept: intrinsic intentionality is a causal
power of the brain, analogous to the causal power of the
stomach to digest food [Searle, [1980,|1990]]. In The Redis-
covery of the Mind, Searle [[1992] develops this position
more fully, arguing that consciousness is a biological phe-
nomenon caused by lower-level neuronal processes and
that “the brain causes consciousness” in the same way that
the stomach causes digestion. On this account, intrinsic
intentionality is a specific kind of causal power tied to bio-
logical substrates—one that cannot be replicated by mere
computational simulation. However, the label “biologi-
cal causal power” identifies the type of substrate Searle
considers necessary without specifying which functional
or phenomenal property of that substrate does the work.
Is intrinsic intentionality grounded in the brain’s capacity
to track world structure (our structural dimension)? In
its self-monitoring capacities (our self-modeling dimen-
sion)? In its generation of phenomenal experience (our
phenomenal dimension)? Or in some conjunction of these?
Searle’s biological naturalism, by tying intentionality to a
specific kind of causal power inherent in biological sub-
strates rather than to a functionally characterized capacity,
leaves this decomposition unaddressed. Borg| [2025] ar-
rives at a complementary suspicion from the semantic side,
suggesting that original intentionality is “unlikely to be a
single, homogeneous capacity” and may instead comprise
multiple dissociable component skills—a conclusion that
reinforces the need for dimensional decomposition. If in-
trinsic intentionality is indeed compound, then it is not a
starting point for analysis but an object to be decomposed
by analysis.

This decomposition reveals a specific vulnerability in
Searle’s position. If intrinsic intentionality is grounded pri-
marily in the phenomenal dimension, the claim retains
force—but becomes a claim about consciousness, not
about understanding per se, and must contend with the
hard problem [Chalmers| |1996] rather than being taken as
self-evident. If it requires the structural dimension, repre-
sentational convergence research demonstrates that equiv-
alent structures can form regardless of substrate, under-
mining the claim that intrinsic intentionality is attributable
to a specific biological substrate. If it requires all three
dimensions jointly, then the concept is doing too much
work at once—bundling empirically separable properties
into a single term that obscures rather than illuminates the
actual landscape.

12



4.6 Research Questions Opened by This
Framework

The value of a multi-dimensional framework lies not in
providing answers but in transforming the existing binary
debate (“Does it understand or not?””) into more produc-
tive forms of inquiry. Specifically, the following research
questions become available:

1. How is the relationship between the structural and self-
modeling dimensions empirically characterized? Do
systems with structurally rich representations tend to
exhibit greater self-modeling capacity, or can these two
vary independently? Combining functional introspec-
tion studies with representational convergence research
could enable empirical approaches to this question.

. What are the operational criteria for identifying levels
of the structural dimension? Representational conver-
gence is a promising candidate indicator, but criteria
for evaluating the quality of convergence—such as the
scope of domain transfer and the robustness of struc-
tural preservation—have not yet been adequately estab-
lished.

Can a meaningful concept of “understanding” be con-
structed from the structural and self-modeling dimen-
sions alone, excluding the phenomenal dimension? This
is the most contested question philosophically, yet also
the most productive. If two dimensions suffice, func-
tional theories of understanding are strengthened; if
they do not, an independent theory of the phenomenal
dimension becomes necessary.

How should the “stochastic parrots” critique [[Bender
et al.|[2021]] be repositioned under this framework? As
Figure[Ib illustrates, the stochastic parrot characteriza-
tion maps LLMs near the origin of the space (S =~ 0,
M =~ 0, P =~ 0)—collapsing them to a point even lower
than the Chinese Room, which at least possesses high
P. The claim that language models manipulate forms
without meaning can be understood as the assertion
that S ~ 0—that no genuine structural capture of the
world occurs. Representational convergence evidence
challenges precisely this claim, placing LLMs at a sub-
stantially higher position along the S-axis. However,
the critique may also be read as a claim about the phe-
nomenal dimension (P = 0), in which case it addresses
a different axis entirely. Disambiguating the critique
along dimensional lines—asking separately whether the
stochastic parrot thesis is a claim about S, about M, or
about P—may be more productive than debating it in
its current monolithic form.

. At what level of analysis should the phenomenal di-
mension be assessed—at the level of the system as a
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whole, or at the level of individual cognitive processes?
Human implicit understanding (tacit knowledge) raises
this question sharply: the agent is phenomenally con-
scious, yet the cognitive process underlying a skilled
judgment may itself be phenomenally opaque. Whether
P should be attributed to the system or to specific pro-
cesses within it is a question that our framework opens
but does not resolve, and its answer may have signif-
icant consequences for how the phenomenal status of
artificial systems is investigated.

These questions constitute not speculative debate but
an empirically approachable research program. This is
the most important advantage of this framework over the
binary question “Does it understand?”

5 Conclusion

The Chinese Room argument has, for the past forty years,
stood as the most influential negative answer to the ques-
tion “Can machines understand?” Rather than directly
refuting this answer, the present paper has analyzed the
conditions under which it operates and examined how those
conditions have changed with modern learning systems.

We first argued that the Chinese Room is an
implementation-dependent thought experiment. Its in-
tuitive persuasiveness depends on two implementation
premises—static symbolic manipulation and internal
opacity—which were an apt description of symbolic Al in
the 1980s but are systematically at odds with the operation
of modern learning systems. Recent empirical research
on representational convergence, cross-domain structural
transfer, and functional introspection concretely demon-
strates this divergence.

However, the violation of implementation premises does
not by itself prove “the existence of understanding.” To
bridge this gap, we proposed a framework that reconcep-
tualizes understanding along three conceptually separable
dimensions—structural, self-modeling, and phenomenal.
Under this framework, the Chinese Room argument is rein-
terpreted as demonstrating that phenomenal consciousness
alone (P high) does not constitute understanding when
structural capture and self-modeling are absent (S ~ 0,
M =~ 0). Modern systems present the converse profile:
having reached a meaningful level along the structural di-
mension and exhibiting limited but non-arbitrary capacity
along the self-modeling dimension, while their phenome-
nal status remains an open question.

Our approach builds on an important precedent: the
multi-dimensional turn in consciousness research [De-
haene et al.| 2017, Butlin et al., [2023| |Blockl, (1995]] has
already demonstrated the productivity of decomposing
monolithic concepts into separable dimensions. We extend
this strategy from consciousness to understanding, arguing



that the same decomposition is overdue for the concept
at the heart of the Chinese Room debate. As|Mitchell &
Krakauer| [2023]] have noted, the field still lacks an agreed-
upon framework for what understanding means in the con-
text of Al. Our multi-dimensional proposal is offered as a
step toward filling this gap.

The practical implications of this framework extend be-
yond philosophical debate. For Al safety and alignment
research, knowing which dimensions of understanding a
system instantiates matters: a system high on structural un-
derstanding but lacking self-modeling poses different risks
than one with self-modeling but poor structural grounding.
For interpretability research, the framework suggests that
probing representational geometry (structural dimension)
and causal self-access (self-modeling dimension) are not
merely technical exercises but empirical investigations into
the nature of machine understanding. For policy and gover-
nance, replacing the binary question “Does Al understand?”’
with a dimensional profile allows for more nuanced and
actionable assessments.

The question is no longer whether a rule-following room
understands. The question is which dimensions of under-
standing a learning system instantiates, to what degree, and
which dimensions remain genuinely open.
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