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Abstract

The widespread adoption of deep learning (DL) models in neuroscience research has
introduced a fundamental epistemological paradox: while these models demonstrate
remarkable performance in pattern recognition and prediction tasks, their inherent opacity
contradicts neuroscience’s foundational goal of understanding biological mechanisms.
This review article examines the growing trend of using DL models to interpret neural
dynamics and extract insights about brain function, arguing that the black box nature of
these models fundamentally undermines their utility for mechanistic understanding. We
explore the distinction between computational performance and scientific explanation,
analyze the limitations of current interpretability techniques, and discuss the implications
for neuroscience research methodology. We propose that the field must critically evaluate
whether DL models can genuinely contribute to our understanding of neural processes
or whether they merely provide sophisticated curve-fitting tools that obscure rather than
illuminate the underlying biology.

Keywords: artificial intelligence; deep learning; motor control; computational neuro-
science; interpretability

1. Introduction

Neuroscience stands at a crossroads. The field has witnessed an unprecedented influx
of Artificial Intelligence (Al) methodologies, driven by their remarkable success in several
applications. From analyzing neural recordings to modeling brain networks, machine
learning (ML) and deep learning (DL) approaches have become increasingly prevalent
in neuroscience research [1-4]. However, this shift raises a fundamental question: can
models that operate as black boxes truly advance our understanding of biological systems
that we seek to comprehend mechanistically [5,6]? The allure of DL in neuroscience is
understandable. These models can process vast amounts of neural data, identify complex
patterns, and make accurate predictions about neural activity. They promise to unlock
insights from high-dimensional datasets that traditional analytical methods struggle to
handle [7-9]. Yet, beneath this computational prowess lies a profound epistemological
challenge that the field has yet to address adequately. The central thesis of this review
is that the opaque nature of Al models creates an irreconcilable tension with some of
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neuroscience’s fundamental objectives, particularly in motor control research. While
these models excel at pattern recognition and prediction, they are also vulnerable to
functioning as little more than sophisticated curve-fitting tools [10], and their opacity
prevents the mechanistic understanding that is essential for advancing our knowledge of
brain function. This paradox becomes particularly problematic when researchers attempt
to extract biological insights from Al models trained on neural data, essentially trying to
understand one complex system (the brain) through another complex system (the artificial
neural network (ANN)) whose internal workings remain largely cryptic.

It is important to acknowledge, however, that some subfields of neuroscience, particu-
larly cognitive neuroscience, have already engaged critically with the epistemic limits of
deep learning. For instance, Kanwisher et al. [11] explicitly caution against mechanistic
overreach in ANN-based modeling, highlighting the risks of misinterpreting predictive per-
formance as mechanistic insight. Recognizing these ongoing debates situates our argument
within a broader critical discourse, while underscoring that motor control research has not
yet fully incorporated such cautionary perspectives. While the distinction between predic-
tion and explanation in deep learning has been widely discussed across Al, philosophy of
science, and cognitive neuroscience, the novelty of this paper lies in applying this critique
specifically to the field of motor control. We argue that DL adoption in this domain, which is
already conceptually fragmented, risks exacerbating existing theoretical uncertainties if not
done within a deeply comprehensive understanding of these tools, their characteristics and
consequently, their limitations. Thus, the contribution of this manuscript is field-specific: to
demonstrate how reliance on opaque models compounds epistemological fragmentation in
motor control research, rather than to generalize a critique to all neuroscience. Our critique
is specifically aimed at the use of DL for mechanistic inference in motor control, rather than
at its well-recognized utility for engineering-style prediction.

The paper proceeds as follows. First, we examine the black box problem, outlining the
intrinsic opacity of DL models and the limitations of current interpretability techniques
(Section 2). We then explore the implications of these issues in motor control research a field
whose conceptual fragmentation makes it particularly vulnerable to misinterpretations of
predictive models (Section 3). Next we situate these concerns within broader epistemolog-
ical debates about explanation, causality, and scientific understanding (Sections 4 and 5).
Finally, we consider constructive directions for future research, including revised eval-
uation criteria and hybrid modeling approaches that embed mechanistic priors into DL
architecture (Section 6).

2. The Nature of DL Black Boxes
2.1. Defining the Black Box Problem

The characterization of Al models as “black boxes” is not merely a metaphorical
description but a fundamental property that emerges from their architecture and learning
mechanisms [12-14]. Unlike traditional statistical models, where parameters generally
have clear interpretations and relationships can be explicitly defined, DL models operate
through layers of nonlinear transformations that create emergent computational behaviors.
In a typical deep neural network, information flows through multiple hidden layers, each
applying weighted transformations and nonlinear activation functions [15-17]. The final
output emerges from this cascade of operations, but the intermediate representations and
their contributions to the final result remain largely undefined. Even when we can examine
the weights and activations within the network, their high-dimensional nature and complex
interactions make meaningful interpretation extremely challenging [18-20]. This opacity is
not an accidental byproduct of DL but rather an inherent consequence of its design. DL
models are optimized for performance, not interpretability [18,19]. The learning algorithms
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adjust millions or billions of parameters to minimize loss functions, creating internal
representations that may be effective for the task at hand but might bear no necessary
relationship to the underlying biological processes they are meant to model [14,21,22].

2.2. The Performance-Interpretability Trade-Off

The success of DL has been built on a fundamental trade-off: sacrificing interpretability
for performance. This trade-off is explicit and intentional—or, at least, justifiable—in
most Al applications [23,24]. When developing a computer vision system or natural
language processor, the primary concern is accuracy, not understanding how the system
works. The black box nature is acceptable because the goal is functional performance, not
mechanistic insight.

However, this trade-off becomes problematic when DL models are applied to scientific
domains where understanding mechanisms is the primary objective. In neuroscience,
we are not merely interested in predicting neural activity or even functional outcomes.
We want to understand how neural circuits compute, how different brain regions in-
teract, and how these processes give rise to behavior. This mechanistic understanding
is not merely an academic pursuit but a critical foundation for multiple research and
clinical domains [25-27]. Motor control research requires deeper insight into movement
orchestration mechanisms to develop effective rehabilitation frameworks for conditions
of movement dysfunction. Cognitive scientists need to understand the building blocks
of neural function to advance psychological/psychiatric rehabilitation practices. The
performance-interpretability trade-off that works well for engineering applications funda-
mentally conflicts with these scientific goals.

2.3. Limitations of Current Interpretability Techniques

The Al community has developed various techniques to peer inside the black box,
including gradient-based attribution methods [28], attention mechanisms [29,30] and layer-
wise relevance propagation [31]. While these methods provide some insights into model
behavior, they may fall short of providing the mechanistic understanding required for scien-
tific inference. Gradient-based methods, for instance, can identify which input features most
strongly influence the output, but they cannot explain why these features are important or
how they interact within the model [28]. Attention mechanisms show where the model
‘focuses’ its computation, but attention weights do not necessarily correspond to causal
relationships or meaningful biological processes [29,30]. LRP methods face fundamental
interpretability limitations due to their dependency on architectural choices, parameter
selection, and reference point definitions, requiring extensive manual tuning and subjective
validation while lacking objective quality metrics—ultimately making explanations as
much about methodological decisions as about actual model behavior [31]. More funda-
mentally, these interpretability techniques often provide post hoc explanations that may
not reflect the actual computational processes within the model. They are interpretations of
interpretations, adding additional layers of uncertainty to an already opaque system.

3. The Motor Control Conundrum: Why AI Models Might Exacerbate
Foundational Uncertainties

3.1. The Unresolved Theoretical Landscape

Motor control research finds itself in a peculiar epistemological position: despite
decades of sophisticated experimentation using neural recordings, electromyographic data,
kinematic analysis, and computational modeling, the field remains fundamentally divided
on its most basic conceptual foundations. This fragmentation is not merely academic—it
directly impacts our ability to develop effective rehabilitation strategies and understand
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movement disorders. Consider the persistent ambiguity surrounding the concept of “motor
control” itself. Is it the orchestration of muscle activations to achieve behavioral goals [32,33]?
The specification of movement trajectories [34,35]? The management of mechanical redun-
dancy [36]? Or, as Feldman’s equilibrium point hypothesis suggests [37], the setting of
threshold positions for a proposed parameter of neuromuscular activation? Each definition
implies radically different experimental approaches and interpretations of neural data.

3.2. The Parameter-Variable Distinction Crisis

Perhaps no debate better exemplifies the field’s theoretical crisis than the unre-
solved question of what constitutes control parameters versus control variables in move-
ment [36,37]. Traditional approaches often treat observable quantities—joint angles, muscle
forces, movement velocities—as the controlled entities. However, this assumption faces
serious challenges. First, the computational implausibility: if the nervous system directly
controlled all mechanical variables, it would require solving complex inverse dynamics
problems in real-time, a computational burden that seems biologically unrealistic given
neural processing constraints. Second, the empirical evidence suggests the nervous sys-
tem may operate at a more abstract level. Neural manifold analyses reveal that motor
cortical activity occupies low-dimensional subspaces [9,38], suggesting control might oc-
cur through specification of manifold states rather than explicit variable control. Yet,
what these manifolds represent—movement goals, muscle synergies, or abstract control
laws—remains contentious.

3.3. Competing Frameworks: Irreconcilable or Complementary?

The field’s theoretical landscape resembles a dynamic confluence of competing
paradigms, each with its own experimental support and explanatory gaps (Computa-
tional approaches grounded in optimal control theory propose that the brain maintains
internal models that predict sensory consequences of motor commands [39]. These frame-
works excel at explaining adaptation and motor learning but struggle to account for the
flexibility and context-sensitivity of natural movement. Dynamical systems perspectives
reject the notion of explicit internal models, instead viewing movement as emerging from
the interaction of neural dynamics [9,40,41], biomechanics, and environmental constraints.
While capturing movement’s fluidity, these approaches often lack the predictive precision
needed for clinical applications. Ecological approaches [42-44] emphasize perception-
action coupling and argue that movement control cannot be understood in isolation from
environmental affordances. Yet translating these insights into quantifiable neural mech-
anisms remains elusive. This theoretical plurality presents a fundamental challenge for
Al-based approaches: without consensus on the underlying principles of motor control, Al
models inevitably embed the biases and limitations of whichever framework they adopt,
while simultaneously lacking the capacity to adjudicate between fundamentally different
conceptual approaches to biological control.

3.4. The Data-Theory Gap in Motor Control Neuroscience Research

Modern recording techniques generate unprecedented volumes of neural data—hundreds
of simultaneously recorded neurons, millisecond-precision spike trains, complex patterns
of cortical-spinal interactions. Paradoxically, this data deluge has not resolved fundamen-
tal theoretical questions but often deepened them. Consider directional tuning in motor
cortex: initially interpreted as evidence for explicit movement direction encoding [45-47],
subsequent analyses revealed that apparent tuning could emerge from underlying dy-
namical processes unrelated to explicit directional coding [35,48]. The same neurons, the
same data, yet fundamentally different interpretations—each mathematically valid, neither
definitively falsifiable.
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3.5. Why DL Might Struggle to Resolve These Debates

In this contested theoretical landscape, DL introduces further representational opacity.
The fundamental problem is that DL models trained on motor neural data will inevitably
reflect the theoretical assumptions embedded in their training paradigms, while their am-
biguous nature prevents us from identifying which assumptions drive their outputs. A
concrete example illustrates this dilemma: Suppose we train a deep network to decode
intended movements from motor cortical activity. The network achieves impressive accu-
racy, perhaps even surpassing traditional decoders. What have we learned about motor
control? The network might be exploiting motor command signals reflecting the brain’s
control strategy, incidental correlations between neural activity and movement kinematics,
feedback-related signals that correlate with but don’t cause movement, preparatory activity
that precedes but doesn’t directly specify movement or even statistical regularities in the
data that have no biological significance. Without mechanistic interpretability, we cannot
distinguish among these possibilities. The model’s success tells us it has found predictive
patterns, but not whether these patterns reflect the brain’s actual control principles. An
illustrative case is summarized in Box 1.

Box 1. Center-out reaching tasks.

Deep learning decoders often achieve high accuracy when trained on motor cortical activity during
center-out reaching tasks. This confirms that population activity contains directionally relevant
signals. However, such predictive success does not clarify whether the motor cortex explicitly
encodes direction, whether trajectories emerge from dynamical states, or whether apparent tuning
curves reflect causal control variables. Without mechanistic interpretability, these results remain
correlational rather than explanatory.

It is also crucial to differentiate between DL applications that are purely pragmatic—
such as signal decoding for brain—computer interfaces (e.g., LSTM-based cursor control)—
and those that implicitly or explicitly claim to reveal internal neural representations [49].
The epistemic implications of these uses differ substantially: the former are primarily
engineering solutions, while the latter risk being overinterpreted as mechanistic insights
into motor cortical organization. Our critique targets primarily the latter category.

Prominent examples from other domains highlight this issue. In vision research,
Yamins & DiCarlo [50] and Kriegeskorte [51] used and reviewed goal-driven DL mod-
els to capture properties of sensory cortex, but their work is sometimes misread as pro-
viding mechanistic accounts rather than functional correspondences. In motor control,
Willett et al. [49] demonstrated high-performance brain-to-text communication from motor
cortical signals. While methodologically groundbreaking, this study is sometimes con-
strued as revealing the “neural code for handwriting” when in fact it provides a powerful
decoding tool without mechanistic explanation of motor cortical dynamics. These cases
exemplify the risk of conflating predictive success with mechanistic understanding.

A consolidated set of examples from motor control further illustrates this epistemo-
logical tension. Recurrent neural networks trained to reproduce reaching trajectories and
motor cortical dynamics [52] achieve strong predictive alignment with observed activity but
do not adjudicate between competing mechanistic frameworks such as optimal feedback
control, internal models, dynamical models or equilibrium-point hypotheses nor do they
allow for consolidation of such theories. Similarly, sequential auto-encoders for neural
population activity [53] yield smoother single-trial trajectories and improved decoding, yet
the learned latent factors are not identified with specific mechanistic elements (e.g., control
parameters, referent states or prediction-error computations). In brain—computer interfaces,
high-performance decoders demonstrate practical power without clarifying the representa-
tional or causal computations of motor cortex [49]. Taken together, these cases highlight
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how DL can succeed technically while leaving core mechanistic questions unresolved. A
classic paradigm, force-field adaptation, is detailed in Box 2 to illustrate this tension.

Box 2. Force-field adaptation.

Force-field paradigms have historically been used to support internal model theories, as they reveal
structured aftereffects and generalization patterns. DL models can fit adaptation curves and predict
hand trajectories under perturbations, demonstrating strong statistical alignment. Yet this does not
prove the existence of forward or inverse models in the brain. Unless prediction-error variables or
architectural constraints are built into the model, DL-based success risks being misinterpreted as
mechanistic evidence.

This concern has been raised by others who attempt to bridge neuroscience and deep
learning. Marblestone, Wayne, and Kording [54] argue that integration between these fields
requires not only technical advances but also conceptual clarity about the nature of expla-
nation. Similarly, Barrett, Morcos, and Macke [22] caution against overinterpreting internal
representations in ANNSs as if they mirrored those in biological systems, highlighting the
limits of representational claims in DL.

This risk reflects a broader epistemological tension: while deep learning systems can
be optimized for predictive accuracy, this does not guarantee mechanistic insight into the
underlying biological system. From a mechanistic perspective [25], explanatory models
must specify the organized structural components and their causal interactions. Likewise,
interventionist theories of explanation [55] demand that models support counter factual
reasoning—i.e., allow us to infer what would happen if a particular component of the
system were altered. DL models, unless explicitly constrained by biologically grounded
priors, often fail to meet these standards. Our argument builds on these explanatory
frameworks to clarify where and how predictive models can—and cannot—contribute to
scientific understanding in neuroscience. This refinement ensures that our critique does
not overgeneralize but instead targets those instances where predictive models are at risk
of being overinterpreted as mechanistic explanations.

3.6. The Clinical Stakes

This is not merely an academic concern. Motor rehabilitation is often informed by
understanding what aspects of movement control are impaired in conditions like stroke,
Parkinson’s disease, spinal cord injury or even musculoskeletal disorders [56]. If we train
DL models to predict recovery outcomes or optimize therapeutic interventions without
understanding the underlying control principles, we risk developing interventions that
target symptoms rather than causes, missing opportunities to leverage the nervous system'’s
actual control mechanisms, creating rehabilitation protocols that work in specific contexts
but fail to generalize or perpetuating theoretical confusions that impede scientific progress.
The promise of DL in motor control—to find patterns in complex neural data that reveal
fundamental principles—thus confronts an immense obstacle: without prior resolution of
what we’re looking for (parameters vs. variables, computational vs. dynamical control,
hierarchical vs. distributed organization), Al models may ultimately reproduce theoretical
ambiguities through more complex mappings, rather than resolving them.

At the same time, it is important to acknowledge that DL has already shown clinical
value in contexts where predictive accuracy is sufficient for decision-making. For example,
DL-based approaches have improved diagnostic performance in medical imaging [57] and
prediction of functional outcomes in stroke [58], despite lacking mechanistic transparency.
Such applications demonstrate that DL can be clinically useful as a statistical predictor.
However, the situation differs fundamentally when therapeutic success depends on causal
understanding, as in personalized neurostimulation or targeted neurorehabilitation. In
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these cases, explanatory adequacy is indispensable: without insight into how neural circuits
generate and control movement, predictive models risk misdirecting interventions. Thus,
DL can support clinical practice where prediction suffices but mechanistic clarity remains
essential for domains where intervention must act directly on causal neural processes.

3.7. The Path Forward Requires Theoretical Clarity

The notion of an “epistemological crisis” in motor control is not merely rhetorical: it
becomes concrete when black-box DL approaches are contrasted with established mech-
anistic theories of movement control. Each of the major frameworks in motor control
research articulates specific explanatory commitments. Feldman’s equilibrium-point hy-
pothesis (or A-model) grounds movement generation in shifts of referent configurations:
muscles are activated through the shift of a specified threshold, linking neural commands,
biomechanics, and reflex gains [37]. Optimal feedback control specifies explicit cost func-
tions, state estimators, and control policies, predicting characteristic signatures such as
the minimum intervention principle and the alignment of variability with task-irrelevant
dimensions [59,60]. Internal forward and inverse models assume efference copies and pre-
dictive state estimates, explaining phenomena such as sensory attenuation and structured
aftereffects during adaptation [40,61].

By contrast, DL models typically optimize statistical mappings from neural activity
to behavior without encoding these mechanistic and observable commitments. A high-
performing decoder may predict hand trajectories or muscle activity, but it does not test
for the existence of referent configurations, cost functions, or prediction-error computa-
tions [49-51]. In this sense, DL sidesteps the central theoretical assumptions that have
historically structured debates in motor control.

The crisis, therefore, lies in the growing misalignment between methodological power
and explanatory adequacy. DL provides powerful predictive tools, but when their success is
conflated with a mechanistic explanation, theory testing is deprioritized and long-standing
debates risk being bypassed rather than resolved perpetuating the neglect of a much needed
logically sound and experimentally verifiable consolidation of knowledge. Before motor
control research can benefit fully from advanced computational tools, it must address
its foundational uncertainties. This requires experimental paradigms that distinguish
between competing theories, the development of formal mathematical bridges between
abstract models and neural implementation, and clearer criteria for what counts as a
satisfactory explanation of motor control. Only with such theoretical grounding can DL
approaches contribute to genuine mechanistic understanding rather than sophisticated
pattern recognition.

To make these theoretical contrasts more operational, we synthesized the main motor-
control frameworks in Table 1. This comparative summary highlights their core assump-
tions, key predictions, decisive paradigms, and the extent to which DL approaches can test
these commitments.

This table ultimately reveals a striking irony: the same definitional ambiguity that
makes these frameworks difficult to empirically distinguish from each other also makes
them impossible to properly test with DL. When we can’t agree on what constitutes variable
of parameter in biological terms, how can we expect an Al-based approach to illuminate
these distinctions? The frameworks most amenable to DL investigation—like dynamical
systems with its observable neural trajectories—are precisely those making the fewest
claims about specific control mechanisms, while those proposing explicit architectures
remain opaque to deep investigation. This creates a double bind: we’re not just unfit to
judge whether DL implements these mechanisms, we’re often unfit to judge whether the
biological system implements them either. Perhaps this persistent heterogeneity isn't a
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failure of scientific progress but a reflection of motor control’s nature—the brain might

employ bits of optimal control here, something resembling internal models there, threshold

control elsewhere, or entirely different principles we haven’t conceived. The table thus

becomes a proxy to display current limitations, a structured admission that after decades

of research, we have multiple incompatible yet partially successful theories we can neither

definitively prove nor disprove, and DL might contribute to further obscure rather than

illuminate such ambiguity. Rather than attacking DL’s application to motor control, this

comparison calls for intellectual honesty about what remains unknown and what current

methods—biological or artificial—cannot tell us.

Table 1. Comparative summary of motor-control frameworks.

Key .
. e .. .. . n DL Test This?
Framework Core Assumptions Predictions/Empirical Decisive Paradigms Ca ‘?St i
. (How/Limits)
Signatures
. . Partly. DL might
Minimal Intervention . . LY U NS
. Mechanical/visual provide insight over
. . Principle (MIP); .
Goal-directed actions R . . perturbations; motor output and
. . . variability aligned with .

Optimal Feedback optimized by internal task-irrelovant obstacle/anisotropy outcomes but does not
Control (OFC) cost functions and state . . . tasks; allow to infer directly
. . dimensions; rapid, . .
estimation. variance—covariance over the relevant cost

context-dependent . . .
alignment. function being

feedback gains.

minimized.

Internal Models
(Forward/Inverse)

Predictive map-
pings. Sensorimo-
tor loop of mo-
tor and sensory out-
comes dependent on in-
verse modeling of mo-
tor commands.

After-effects (e.g.,
prism/force-field
washout);
context-specific
generalization; sensory
attenuation.

Prism/curl-field
adaptation;
visuomotor rotations;
context-switching.

Partly. DL can capture
adaptation curves.
Mechanistic inference
over command
architecture requires
prediction-error
variables or
forward-model priors.

Dynamical Systems

Movement emerges
from low-dimensional
neural
dynamics/manifolds;
preparatory activity
sets initial conditions of
motor output.

Rotational dynamics;
low-dimensional
manifolds; preparatory-
to-movement
transitions; robustness
to perturbations; often
diffuse encoding of
motor variables.

Neural population
recordings; transient
cortical perturbations;
dynamical fits vs.
tuning models.

Partly. DL latent-state
models (RNNs,
sequential
auto-encoders) can
recover trajectories and
map latent variables.
Insight over biological
plausibility remains
limited.

Equilibrium-Point
(A-model)

CNS specifies the
threshold of
toni-stretch

reflex-based parameter
lambda (M)

EMG patterns from
referent shifts;
unloading effects;
posture-to-movement
continuity.

Unloading/force
perturbations; tonic
stretch reflex
manipulations.

No. The core parameter
and assumption of this
model remains
theoretical and
experimentally
undefined beyond logic
and interpretation.

Ecological/Perception—
Action

Control grounded in
affordances; tight
perception—action

coupling.

No central executive of
movement
organization; direct
perception;
self-organization;
affordance-based
organization.

Constraints-led
approach;
affordance-based
motor outcomes;

No. Sensory and motor
activity may be traced
but core assumptions

remain untestable
beyond fragile
inference of outcomes.

Notes. “Can DL test this?” refers to mechanistic, not merely predictive, tests. Most cases require causal perturba-
tions and explicit priors (e.g., cost functions, referent states, affordance variables). This table complements the
evaluation rubric in the table in Section 6.
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4. The Epistemological Challenge in Neuroscience
4.1. Scientific Understanding vs. Predictive Performance

This section examines the epistemological challenges posed by Al and DL in neuroscience,
contrasting predictive performance with the requirements for mechanistic explanation.

The adoption of Al in neuroscience reflects a broader tension between different con-
ceptions of scientific knowledge. On one hand, there is the pragmatic view that successful
prediction constitutes understanding—if a model can accurately predict neural activity, it
may appear to have captured something essential about the system, but as philosophers
of science note, prediction does not by itself imply explanation [62]. On the other hand,
there is the mechanistic view that true understanding requires knowledge of how the
system works, not just what it does. This tension is not unique to neuroscience, but it
is particularly acute in this field because of the complexity of the brain and our limited
ability to directly observe its computational processes beyond the physical and measurable
outcomes. Traditional neuroscience has relied heavily on mechanistic reasoning, building
understanding through careful experimentation, theoretical modeling and the development
of increasingly sophisticated techniques for measuring and manipulating neural activity. Al
models, however, operate on a fundamentally different epistemological foundation. They
are trained to optimize objective functions without proper regard for biological plausibility
or mechanistic interpretability. The representations they learn may be statistically useful for
prediction tasks, but they may bear no relationship to the actual computational processes
in the brain.

In neuroscience, however, explanation has a more precise meaning than in general
philosophy of science. Mechanistic explanation requires specifying the organized entities
and activities that give rise to a phenomenon [25,26]. Interventionist causality emphasizes
that an adequate explanation should allow predictions about what would happen under
counterfactual interventions [55]. Similarly, in computational neuroscience, explanatory
models are often expected to respect biophysical interpretability and to align with known
neural mechanisms. These perspectives set stricter criteria than predictive accuracy, and it
is against such criteria that DL models often fall short.

However, to assess the true explanatory power of DL models in neuroscience, it is es-
sential to clarify what counts as explanation in this domain. In computational neuroscience,
mechanistic explanation typically refers to identifying the organized biological entities (e.g.,
neurons, synapses, populations) and their structured interactions that give rise to specific
phenomena [25,26]. According to this framework, a model is explanatory if it mirrors the
causal organization of the system it aims to describe.

Similarly, interventionist theories of explanation, such as those proposed by Wood-
ward, assert that an adequate model should support counterfactual reasoning; that is, it
should allow us to predict what would happen if a specific component were altered [55]. A
further explanatory criterion is biophysical interpretability, which refers to how closely the
components and parameters of a model correspond to known neurophysiological mecha-
nisms. Recent hybrid architectures—such as spiking neural networks [63] and biologically
plausible deep learning models implementing local synaptic learning rules [64]—have
sought to embed biological constraints into DL systems, thereby enhancing their explana-
tory potential. These developments aim to bridge the gap between high model performance
and mechanistic plausibility in neural computation. Despite their promise, such biologically
constrained approaches remain largely underutilized in motor control research.

Without adhering to at least one of these explanatory standards—mechanistic, causal,
or biophysical—DL models may function primarily as sophisticated statistical tools without
contributing to genuine scientific understanding. This distinction is essential for evaluating
not only what DL models can predict, but what they can help us explain.
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Beyond these explanatory standards, a deeper engagement with explainable AI ap-
proaches is also warranted in neuroscience. First, it is important to distinguish between
post hoc interpretability techniques (e.g., saliency maps, feature attribution, counterfactual
analysis) and intrinsically interpretable models designed with transparency as a goal. Sec-
ond, interpretability methods differ in epistemic strength: gradient-based saliency provides
correlational attributions, symbolic or rule-based methods yield human-readable structures,
while causal abstraction methods seek to align learned representations with known causal
structures. Third, hybrid approaches—such as constraining DL with domain-specific pri-
ors (e.g., sparsity, local dynamics, hierarchical modularity)—offer promising avenues for
embedding neuroscientific plausibility directly into architectures. Finally, recent work on
causal DL and abstraction alignment [5,12,21] highlights the potential for models that not
only predict but also support interventionist reasoning.

These strategies remain underexplored in motor control, but they provide concrete
avenues for making DL models more than black-box predictors and for aligning computa-
tional advances with neuroscientific standards of explanation.

4.2. The Problem of Multiple Realizability

A fundamental challenge in using AI models to understand neural processes is the
problem of multiple realizability—the fact that the same input-output relationship can be
implemented by vastly different internal mechanisms [10,65]. This is particularly relevant
for DL models, which can achieve similar performance through radically different weight
configurations and internal representations [54,65]. Consider a deep neural network trained
to classify visual stimuli based on neural recordings from the visual cortex. Even if the
model achieves high accuracy, there are countless ways the network could have learned
to perform this task, most of which may bear no resemblance to the actual computations
performed by biological neural circuits. The model might rely on statistical regularities
in the data that are irrelevant to biological processing, or it might develop internal repre-
sentations that are optimized for the artificial task rather than reflecting genuine neural
mechanisms [10,13]. This problem is compounded by the fact that DL models are typically
trained on limited datasets that may not capture the full complexity and variability of bio-
logical systems. The learned representations may be overfitted to the specific characteristics
of the training data rather than reflecting general principles of neural computation.

4.3. The Circularity Problem: Explaining the Brain with Artificial Brains

Another fundamental epistemological issue is the circularity that arises when artificial
neural networks (ANNSs) are used to explain biological neural networks. When researchers
train DL models on neural data and then attempt to extract insights about brain function
from these models, they are essentially trying to understand one complex, high-dimensional
system through another complex, high-dimensional system. This approach assumes that
ANN:Ss, despite their differences from biological networks, can somehow reveal truths about
biological computation [11]. However, this assumption is questionable on several grounds.
First, ANNSs are based on highly simplified models of biological neurons that ignore many
important aspects of neural computation, including temporal dynamics, neuromodulation,
and the complex morphology of real neurons. Second, the learning algorithms used to
train artificial networks bear little resemblance to the learning mechanisms in biological
networks, which are themselves not profoundly clear. The optimization landscapes, train-
ing procedures, and architectural constraints are fundamentally different between artificial
and biological systems [66,67]. The conceptual space of prediction versus explanation is
summarized in Figure 1, which situates DL and mechanistic approaches along axes of
predictive accuracy and mechanistic insight.
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Figure 1. Where DL fits. Conceptual positioning of different modeling approaches in motor control
and neuroscience along two axes: predictive accuracy (x-axis) and mechanistic insight (y-axis). Black-
box DL decoders (e.g., BCI, handwriting) achieve high predictive accuracy but provide limited
explanatory power. Post hoc interpretability methods offer partial mechanistic clues, while hybrid
DL architectures embedding biophysical priors may balance prediction with insight. In contrast,
classical mechanistic models (e.g., optimal feedback control, dynamical systems, A-model) offer high
explanatory value but are often less generalizable in prediction. The figure highlights that predictive
success and mechanistic understanding are not synonymous, and that their integration remains an
open challenge in motor control research.

5. The Illusion of Understanding

While Section 2 characterized the intrinsic opacity of DL models—the architectural
and algorithmic features that make them “black boxes”—the challenges do not end at
the technical level. An equally serious problem arises from how the output of these
models are interpreted within neuroscience. Beyond structural opacity, researchers and the
broader community are vulnerable to perceptual and conceptual illusions that can distort
scientific inference. These illusions include the confusion of correlation with causation,
the anthropomorphization of artificial networks, and the seductive appeal of complexity.
Whereas Section 2 emphasized why DL is inherently difficult to interpret, the present
section focuses on the epistemic risks of misreading or overinterpreting DL outputs.

5.1. Confusing Correlation with Causation

One of the most significant risks of using black box models in neuroscience is the
tendency to confuse statistical association with causal understanding. DL models are
exceptionally good at finding correlations in high-dimensional data, but these correlations
may not reflect causal relationships or mechanistic insights. When a DL model successfully
predicts neural activity or behavior, it is tempting to conclude that it has captured something
meaningful about the underlying biological processes. However, the model may have
learned to exploit statistical regularities that are entirely incidental to the actual mechanisms
of interest. This is particularly problematic in neuroscience, where the goal is typically to
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understand causal relationships and mechanistic processes rather than merely to make
predictions. A recent DL application in handwriting trajectory decoding illustrates this risk
(Box 3).

Box 3. Handwriting/ trajectory decoding.

Recent DL applications have achieved remarkable performance in brain-to-text communication by
decoding handwriting trajectories from motor cortical activity. While methodologically ground-
breaking, these models do not uncover a “neural code for handwriting.” Instead, they provide
powerful engineering solutions without revealing the causal computations of motor cortex. Overin-
terpretation of such outputs risks conflating predictive power with mechanistic insight.

5.2. The Anthropomorphization of Artificial Networks

Another subtle but important issue is the tendency to anthropomorphize Al i.e.,
to attribute human-like or brain-like properties to systems that may operate through
fundamentally different principles [68]. When researchers describe what a network “learns”
or how it “represents” information, they often implicitly assume that these processes are
analogous to biological learning and representation. This anthropomorphization can lead
to misleading interpretations of model behavior. Features or representations that emerge in
artificial networks may be purely computational artifacts with no biological analog. The
language used to describe these features may suggest biological relevance where none
exists [69]. It is crucial to recognize that Al has been modeled from biological systems, not
the other way around.

5.3. The Seductive Appeal of Complexity

The complexity and sophistication of DL models can create an illusion of depth
and insight. The fact that these models involve millions of parameters and complex
nonlinear transformations [7,8] can make their outputs seem profound and meaningful,
even when they may simply be sophisticated forms of curve fitting. This seductive appeal
of complexity can lead researchers to overinterpret the results of DL models and to attribute
more biological significance to their outputs than is warranted, particularly amidst a
scientific environment that thrives on media hype [70,71]. The impressive performance
of these models in prediction tasks can mask their fundamental limitations as tools for
scientific understanding of high-complexity processing-driven phenomena.

6. Looking Forward
6.1. The Need for Epistemic Humility

The issues raised in this paper suggest the need for greater epistemic humility in the
application of DL to neuroscience. Researchers should be more cautious about claims re-
garding what Al models reveal about brain function and more explicit about the limitations
of these approaches. This humility should extend to the interpretation of model results,
the claims made about biological relevance, and the implications drawn for understanding
neural computation. It should also inform decisions about when and how to use AI models
in neuroscience research.

6.2. Rethinking Evaluation Criteria

The neuroscience community may need to rethink how it evaluates computational
models. Rather than focusing primarily on predictive performance, evaluation criteria
should also consider interpretability, biological plausibility, and mechanistic insight. Mod-
els that perform slightly worse but offer greater understanding may be more valuable for
scientific progress than opaque models with superior performance, at least for present
motor control research. This shift in evaluation criteria would require changes in publica-
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tion standards and the development of new metrics for assessing the scientific value of
computational models beyond their predictive accuracy.

To move from exhortation to practice, we provide a concise, checklist-style rubric
(Table 2) that authors, reviewers, and editors can apply when evaluating Al con-
tributions in motor control. The rubric complements the philosophical criteria dis-
cussed in Sections 4 and 5 by translating them into operational items and minimal
reporting standards.

Table 2. Evaluation rubric for AI models in motor control research.

Criterion

Question Scoring (0-2)/Notes

Task type (categorical)

Is the study aimed at engineering-style
prediction/decoding, mechanistic inference, or ~ Classification only (no score)
hybrid use?

Mechanistic commitments

Are mechanistic claims explicit, tied to
identifiable entities /activities and to a theoretical 0 = None/implicit

Causal testability

framework (e.g., optimal feedback control, 1 = Partial /indirect
internal models, dynamical systems, 2 = Explicit & testable
equilibrium-point, ecological)?

Does the study include interventions, 0=No
counterfactual predictions, or ablation tests that 1 = Limited /indirect
could falsify mechanistic claims? 2 = Direct & rigorous

Biophysical plausibility

Do model states/parameters map plausibly onto
known neurophysiology /biomechanics
(population dynamics, spinal circuits, local
learning rules)?

0 = None
1 = Coarse analogy
2 = Substantive mapping

Generalization tests

0 = In-distribution only
1 = Limited
2 = Multiple rigorous tests

Does the model generalize beyond training data
(new tasks, effectors, datasets, labs)?

Notes: Task type is categorical only (not scored); items 2-5 apply if mechanistic inference is claimed. Recom-
mended reporting (non-scored): transparency/interpretability, baselines & ablations, reproducibility. Core score
meaning: 0-3 = predictive only; 4-7 = partial mechanistic alignment; 8-10 = strong mechanistic alignment. This
rubric complements domain-specific standards (see Sections 3.3-3.7, 4 and 5).

Concretely, this shift would involve adopting evaluation metrics that explicitly balance
accuracy with interpretability and causal insight. Potential alternatives include hybrid
frameworks that embed mechanistic priors into DL architectures—for example, spiking
neural networks [63], energy-based models constrained by cortical dynamics, or archi-
tectures implementing local synaptic learning rules [64]. Other constructive approaches
include the use of counterfactual testing and causal interventions, and the systematic
comparison of DL models with established biophysical or dynamical systems models.

By explicitly prioritizing interpretability, causal validity, and biological plausibility
alongside predictive performance, the field can move beyond critique and towards construc-
tive methodological innovation. Such standards would help reorient DL from being primar-
ily predictive tools toward explanatory models that advance neuroscientific understanding.

6.3. Education and Training

The integration of Al into neuroscience also highlights the need for improved edu-
cation and training in computational methods. Researchers need to understand not just
how to apply these techniques but also their limitations and appropriate use cases. This
includes understanding the epistemological issues discussed in this review and the ability
to critically evaluate the scientific value of different modeling approaches [72]. Training
programs should emphasize the importance of matching computational methods to scien-
tific questions and the need to consider interpretability and mechanistic insight alongside
predictive performance.
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6.4. Developing New Theoretical Frameworks

The challenges previously identified suggest the need for new theoretical frameworks
that can better integrate computational modeling with scientific understanding. These
approaches should explicitly address the relationship between artificial and biological
computation and provide principled methods for extracting scientific insights from compu-
tational models. Such frameworks might draw on philosophy of science, cognitive science,
and systems biology to develop new approaches to model interpretation and validation.
They should also consider the unique challenges posed by the complexity and opacity of
biological systems themselves.

6.5. Fostering Interdisciplinary Collaboration

Addressing the epistemological challenges of Al in neuroscience will require col-
laboration between neuroscientists, computer scientists, biologists, cognitive scientists,
philosophers of science, and other disciplines. This collaboration should focus on devel-
oping new methodological approaches, theoretical frameworks, and evaluation criteria
that can better serve the goals of scientific understanding. Such collaboration should also
help ensure that the development of new computational methods is guided by the specific
needs and constraints of neuroscience research rather than simply adapting techniques
developed for other domains.

7. Conclusions

The widespread adoption of DL in neuroscience represents both an opportunity and a
challenge. While these models offer impressive computational capabilities and have shown
success in various applications, their black box nature creates fundamental tensions with
the goals of scientific understanding that are central to neuroscience. The core argument
of this review is that the opacity of DL models makes them unsuitable for the kind of
mechanistic understanding that neuroscience requires. While these models can identify
patterns and make predictions, they cannot provide the causal insights and mechanistic
explanations that are necessary for advancing our understanding of brain function. This
does not mean that DL has no place in neuroscience. These models may be valuable
for certain applications, such as data preprocessing, feature extraction, or clinical predic-
tion tasks where interpretability is less critical. However, the field must be more careful
about distinguishing between applications where black box models are appropriate and
those where mechanistic understanding is essential. The path forward requires a more
nuanced approach to computational modeling in neuroscience—one that carefully matches
methods to scientific questions, maintains appropriate epistemic humility about what
different approaches can reveal, and continues to prioritize mechanistic understanding
alongside predictive performance. As neuroscience continues to generate increasingly
large and complex datasets, the temptation to rely on powerful but opaque computational
methods will only grow. However, the field must resist the seductive appeal of black
box approaches when they conflict with the fundamental goals of scientific understand-
ing. Only by maintaining a clear focus on mechanistic insight and causal understanding
can computational neuroscience fulfill its promise of advancing our knowledge of the
brain. The epistemological challenges identified are not merely philosophical concerns
but practical issues that affect the direction and progress of neuroscience research. By
acknowledging these challenges and working to address them, the field can develop more
effective approaches to computational modeling that truly serve the goals of scientific
understanding rather than merely achieving impressive performance metrics. The future
of computational neuroscience depends on finding ways to harness the power of modern
computational methods while maintaining the interpretability and mechanistic insight that
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are essential for scientific progress. This will require continued dialogue between different
disciplines, ongoing development of new methodological approaches, and a commitment
to the fundamental values of scientific inquiry that have driven progress in neuroscience
for decades.
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