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understanding of how the brain 
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Many ‘neat’ features of the brain’s 
computations have been identified: 
neural populations encode task-relevant 
information in a structured way,
supporting efficient task switching.
To solve diverse real-world tasks, the brain must flexibly switch between task rules 
and adjust computations. Recent advances in analyzing neural data and modeling 
neural networks have revealed their ‘neat’ features: neuronal population activity 
encodes distinct task states and forms structured, interpretable representations 
of task variables, enabling efficient task switching. However, ‘messy’ features are 
also observed: task-irrelevant variables shape neuronal responses, representa-
tions become entangled, and behaviors exhibit apparent suboptimalities such as 
switch costs. We review these dual facets of experimen tal observations of task-
dependent computation in the brain, particularly in primates. Recognizing this
duality points to two future directions: refining theories to better capture brain-
specific constraints and leveraging network models fitted directly to behavioral
and neural data.
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However, ‘messy’ features have also 
been observed: neural activity is 
modulated by task-irrelevant variables, 
representations often defy simple
normative interpretation, and behavior
shows suboptimalities such as switch
costs.

We propose two paths forward: (i) 
pursue experiments, analyses, and 
models that better capture brain-
specific constraints and (ii) generate 
and test hypotheses from artificial 
network models directly constrained
by behavioral and neural data.
Advances in understanding of task-depende nt neural computations
Animals have evolved remarkable cognitive abilities to solve and switch between diverse tasks. In 
different contexts, the brain engages in distinct computations that s upport specific stimulus-
response associations, decision policies, and solutions [1]. At the same time, it leverages shared 
computational elements across tasks to enable efficient switching and generalization [2–4].  A
growing body of research is shedding light on these sophisticated processes. In particular, 
advanced analysis techniques to visualize neuronal population activity provide new frameworks 
for interpreting complex neuronal signals that multiplex many task variables [2,5–9]. Moreover, 
artificial neural networks (ANNs) offer implementable hypotheses of how neural circuits perform 
tasks and now serve as benchmarks for behavioral and neural data [10–12]. These advances 
have occurred in tandem with richer task designs capable of teasing apart competing hypotheses
[1]. 

This review aims to provide an overview of both ‘neat’ theoretical frameworks and ‘messy’ 
biological realities of task-dependent cognition learned from recent advances. We begin by 
summarizing recent insights into how the brain ‘neatly’ achieves flexible task switching—by 
forming distinct task states and representing task variables in a disentangled manner that 
supports efficient switching. We then turn to more complex (or ‘messy’) facets of neural 
computations; the brain also encodes task-irrelevant variables, forms entangled representations, 
and exhibits apparent suboptimalities such as switch costs. Throughout, we use the term ‘neat’ 
to denote simplified, interpretable computational frameworks and ‘messy’ to denote intricate 
experimental observations that resist immediate accommodation within existing normative 
models. This distinction is somewhat arbitrary and depends on perspective, but we find it useful 
for organizing current understandings and identifying unresolved problems. Of note, the term
‘messy’ is not intended to carry a negative connotation in this context; on the contrary, we
view these observations as especially valuable for envisioning how future research might unfold
through both hypothesis-driven and data-driven approaches, as discussed toward the end of
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the article. We focus primarily on non-human primate research and related computational 
studies, while also referencing human and rodent work.

‘Neat’ elements in task-dependent neural computations
Neural geometry for task state and task computation
Task switching requires the brain to flexibly route information flow and adjust computations based
on task demands [13]. For example, in a typical task-switching paradigm, subjects alternate 
between two distinct rules that require mapping the same sensory inputs to different behavior al
outputs (e.g., categorizing either the motion or the color of colorful moving dots [5,14]). To 
account for this flexibility, classical models introduce dedicated control units that encode the 
task state (e.g., two neurons, each representing one of the two tasks) and modulate information 
routing in processing units that transform the same inputs into different outputs [13,15] 
(Figure 1A). This idea appeared in earlier connectionist models that used simplified network
architectures [15], but it can also be instantiated in more biologically realistic models, as exemplified 
in a circuit model of the prefrontal cortex [21]. 

Another emerging approach to explain the behavior is computation through neural pop ulation
dynamics [6,8,9,16] (Figure 1B,C). Neuronal population activity recorded from an area can be 
visualized in a neural state space, whose axes correspond to each neuron’s activity, or in a
subspace obtained by dimensionality-reduction techniques (Figure 1B). In this space, the popu-
lation activity (a point in the space) evolves over time to form trajectories, the shape of which is 
referred to as the neural geometry of the population response. The trajectories are under the influ-
ence of a dynamical landscape (small arrows in Figure 1B) determined by network connectivity 
and states. Task-context signals modulate the dynamical landscape, such that the same sensory 
input can lead to different neural trajectories and thus different outputs [5,22]. If task-context 
signals are themselves embedded in state space, the population dynamics may appear to 
occupy separable neural subspaces or ‘manifolds’ across tasks (Figure 1C; see [6], for a discussion 
on the distinction between subspaces and manifolds), with different dynamical landscapes 
governing neural trajectories and, consequently, the computations [22,23]. This perspective has
(A) (B) (C) 
Control units 

Task 1 Task 2 

Processing units 

Input 1 

Input 2 

Action A 

Action B 

N
eu

ro
n 

1 

Neuron N 
Neuron 2 

Neuron 3 

... 

Task context 

Task-specific 
computation 

Task 1 

Task 2 

(D) 

Task 1 

Task 2 

N
e 

Neuron N 
Neuron 2 

Neuron 3 

... 

N
eu

ro
n 

eur 

on
 1

 

Downstream 
areas 

Task 1 state Task 2 state 

Task-specific computation 

N
eu

ro
n 

1 

Neuron N 
Neuron 2 

Neuron 3 

... 

u 

...

Switch

Task-context signal

Task-specific
transfer

TrendsTrends inin NeurosciencesNeurosciences

Figure 1. An overview of ‘neat’ computational frameworks to explain the neural mechanisms of flexible sensorimotor associations. (A) Classical network 
models of flexible decision making often posit that control units maintain task states (colored circles) and modulate processing units (gray circles) that associate different 
sensory inputs to their respective action (colored arrows activated by the unit of the same color) [13,15]. (B) More recent network models explain this modulation as 
changes in the dynamical landscape in the neural state space, whose axes correspond to each neuron’s activity [5,8,16]. Neuronal population activity (a point in this 
space) evolves over time to form trajectories (large arrow) shaped by underlying dynamical landscape (small arrows), which are modulated by external control or task-
context signals. (C) Alternatively, distinct computations may occur in separate neural manifolds, switching between tasks. Neuronal population activity follows different
dynamics in different subspaces, enabling task-specific computations. (D) Task-dependent computations can also be implemented through selective communications
between brain areas [17–20]; different subspaces transmit signals to downstrea m targets in different tasks.
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emerged through the interplay between population-level neural analyses and recurrent neural 
network (RNN) models, which form internal dynamics akin to those obs erved in actual neural data
when trained on the same tasks [5]. 

The description of two-task scenarios can be further generalized to a broader ‘task space’ that 
spans diverse computations. For example, if RNNs are trained on many tasks (e.g., par ametric
working memory, multi-sensory integration, and delayed match-to-sample [24,25]), their 
preparatory activity encodes the momentary task rule in a graded manner, creating a continuous 
task space. This space can recruit different computational elements for different tasks, such as 
point attractors for disc rete classification, line attractors for continuous memory, and limit cycles
for rhythmic sequence generation [24,26]. Experimentally, human neuroimaging studies reveal 
graded multi-task representations across large networks of brain regions [27,28], although 
characterizing the precise dynamical landscape of these representations in ani mals remains a
challenge [29]. 

Such a ‘neat’ account of task-dependent computations also extends to communication across 
brain areas. During attentional control, associative brain areas maintain task states and modulate
the processing of task-relevant information in the sensory cortex [30]. Task states can also 
enhance communication between specific subsets of population activity across areas (or
‘communication subspaces’) (Figure 1D) [17–20] or enhance relevant i nformation through
oscillation [31], thereby enabling selective information transmission. Similar forms of hierarchical 
control are observed beyond attentional control; for example, in a value-based decision-
making task, the hippocampus encodes abstract task c ontext and relays it to the orbitofrontal
cortex that encodes task-specific item values [32]. 

These explanatory frameworks for flexible information routing (e.g., attractor dynamics, top-down 
signal modulation, and communication subspace) have often been introduced by separate lines 
of literature, and it remains to be seen whether and how they can be unified. Since similar 
representational geometry and computation can ari se from different network implementations,
investigating the circuit structures and connectivity behind neuronal population dynamics would
help integrate these frameworks [33]. 

Normative task-switching behavior and structured task-variable encoding
How does the brain successfully switch between task states? It must maintain the rules of 
multiple tasks separately without interference and rapidly activate the relevant task state upon 
recognizing the context. If there is no explicit environmental cue, the brain must infer the current
task context from behavioral outcomes (specifically, reward or punishment).

Many studies have demonstrated that animals can perform such an inference and switch ta sk
rules efficiently [34–36]. This form of rapid, inference-based switching is often contrasted with 
slow rule learning or model-free reinforcement learning [37], which gradually refines stimulus-
response associations or action values. Inference-based switching also enables more sophisticated 
updates of behavior due to internal models of hidden task structures. For example, after receiving 
error feedback for one stimulus, monkeys can infer a rule switch and apply the new rule to a different,
unseen stimulus [38,39]. Another example is the ability of monkeys to evaluate their own perfor-
mance according to stimulus difficulty in perceptual tasks and decide to switch rules based on
whether the error occurred on an easy or difficult stimulus [40–42]. 

What neural representations support rapid and flexible rule switching? A notable emerging idea is 
the use of ‘disentangled’ (or ‘factorized’) [39,43] and ‘compositional ’ [25,44] encodings of task-
Trends in Neurosciences, Month 2026, Vol. xx, No. xx 3
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relevant variables in the brain. ‘Disentangled’ representations encode distinct task vari ables in
dissociable formats (Figure 2A, left), enabling each variable to have a generalizable decoder 
independently of changes in other variables. This facilitates rapid switching of computations. 
‘Compositional’ representations build complex funct ions from simpler, reusable components
[49] (Figure 2A, right). Such modularity enables the flexible recombination of basic operations, 
supporting rapid adaptation to novel and complex problems. These encoding formats are also
conceptually related to cognitive maps [50] and schem as [51], which are often invoked to explain 
computations in the medial temporal lobe and medial/orbital prefrontal cortex, although the
present review does not discuss their relationships in detail (see [3,51]). 

Evidence from neurophysiological studies supports both disentangled task v ariable representations
and compositionality [29,39,43–45,52]. In a study involving monkeys, when the task required flexible 
switching of associations between stimuli, reward, and actions, the hippocampus and prefrontal 
cortex formed disentangle d representations of these task variables that generalized across conditions
[39]. Notably, later studies found that such disentangled representations are correlated with the 
subject’s ability to rapidly switch task contexts [43] (Figure 2B) and can also facilitate compositional 
generalization, enabling zero-shot learning [44] (Figure 2C(i)). In another study, when monkeys were 
trained to switch between perceptual tasks with partially shared elements (e.g., relevant visual 
features and saccade targets), the prefrontal cortex reused n eural subspaces that encoded these
elements across tasks [29]. Yet another study found that monkeys trained to draw complex symbols 
employed strategies that decomposed symbols into simpler mo tor elements, a process reflected in
premotor cortical activity [45]. 

These disentangled encodings of task variables can also be replicated with simple ANNs trained to 
perform cognitive tasks. For example, when multi-layer networks are trained to perform mult iple
tasks without interference, disentangled representation naturally emerges [46], underscoring the 
importance of training networks with multiple objectives (Figure 2C(ii)). When RNNs are trained to 
perform many tasks, they also exhibit common dynamic motifs that allow compositional
generalization [24,25]. Even when they are repeatedly trained to perform tasks having the same 
trial structure but different sensorimotor mappings, they learn each task faster and faster (a
phenomenon referred to asmeta-learning; Figure 2C(iii)) due to the emergence of shar ed dynamics
[48]. Furthermore, explicit training of RNNs with language instructions (through large-language 
model inputs)—analogous to human instruction—enhances compositionality and supports zero-
TrendsTrends inin NeurosciencesNeurosciences
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Figure 2. Structured neural encoding of task variables enables efficient task switching. (A) Neuronal activity during flexible task switching often exhibits 
disentangled (or factorized) encoding, in which multiple task-dependent variables are represented in a separable form (left). It can also form compositional encoding, 
where shared computational elements are reused across tasks (right). (B) Disentangled encoding facilitates task switching. For example, human studies have shown 
that individuals with disentangled repres entations of task variables in the hippocampus can switch task rules immediately, whereas those with entangled
representations switch more slowly [43]. (C) Disentangled and compositional encodings offer various computational advantages: (i) With compositional code, a novel 
task (task 1 + 2) can be solved immediately by combining solutions from previously learned tasks [29,44,45]. (ii) Learning a new task (task 2) does not interfere with 
performance on a previously learned task (task 1) [46,47]. (iii) As more tasks are learned, the learning rate increases [48]. 
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shot transf er [53]. This is consistent with the finding that neuronal populations in the hippocampus 
recorded from human epileptic patients formed disentangled task-variable representations 
immediately after the patients received explicit task instructions [43]. 

In summary, advances in population-level neural analysis and artificial network modeling have 
provided a ‘neat’ view of how the brain represents and switches between tasks. In the neural 
state space, the formation of distinct subspaces and/or the modulation of attractor dynamics 
enables task-specific computations. In addition, the brain employs disentangled and composi-
tional population codes to flexibly switch between task rules and generalize to novel con texts.
These encoding motifs can be replicated by RNNs trained on similar tasks. These findings
provide reason for optimism that advancing along this path will lead to a clearer understanding
of task-dependent cognition.

Complexity on the computational level: suboptimal task switching
However, the ‘neat’ view does not explain many cases of suboptimal behavior in complex tas k
control, which, in fact, offer important mechanistic insight [54,55]. A prominent example is ‘switch 
costs’: humans respond more slowly and less accurately immediately after a task switch [56,57] 
(but see [58–60] for mixed results in monkeys). Different psychological theories attribute these 
costs to an additional ‘task-set reconfiguration’ process [61] or the ‘inertia’ of previo us task
sets [62]. But how do such deviations from the ‘neat’ task control emerge in neuronal circuits?

One physiological observation related to suboptimal task switching is the graded and sluggish 
transition of neural signals reflecting task states (Figure 3A). In one study, for example, monkeys 
were trained to switch between spatial frequency and position discrimination t asks and use
different sets of choice targets for different tasks [40]. Despite this requirement for an immediate 
switch in behavioral reports, task states encoded in the posterior parietal cortex shifted gradually 
over several trials before and after the behavioral switch. This graded transition impaired both
behavioral accuracy and the orthogonality of V1 representations for orientation and position
around the time of the switch [40,63]. A similar graded encoding of task states has been reported 
in other brain regions [29], supporting the notion that the brain does not necessarily rep resent
task rules as discrete states.
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Figure 3. Complexity on the computational level: suboptimal task switching. In many task-switching paradigms, 
humans exhibit switch cost: slower reaction times and reduced accuracy immediately after a task switch. The ‘neat’ 
perspective does not immediately explain the sources of the cost. (A) One possible cause is that the brain’s  en  coding
of task state is not discrete even under two distinct task rules. Weaker task-state signals may lead to suboptimal
behavior [40,63]. (B) Also, the transition between task states requires extra neural processes, leading to delayed 
responses after switching. Such a delay does not arise in task-optimized RNNs [64]. (C) Alternatively, even after 
switching a task state, control signals cannot fully adjust the information routing, leading to reduced performance.
RNNs: recurrent neural networks.
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Physiological studies in monkeys further support the existence of additional computations at the 
moment of a task switch (Figure 3B), observed as characteristic switch-selective neuronal 
responses in multiple brain regions [41,65–67]. These switch-selective responses predict 
whether monkeys successfully switch a rule, suggesting that they are required for changing
task sets or strategies [65,67].  Interestingly,  however,  standard  task-optimized  RNNs  do  not
require specific processes at task switches, as they can instantly a djust their internal states in
response to context cues [63,64]. To produce RNNs that exhibit switching costs, one must 
instead fit the models directly to behavioral data [64].  These  behaviorally  fit RNNs display 
prolonged transitions between task states in response to external cues [64,68], resembling the 
reaction-time delays in humans. Alternatively, RNNs exhibit a switch cost when they are trained 
on task sequences where only one response is needed and then evaluated on sequences
where responses in two consecutive trials are needed [69]. Networks retrained with these 
double-trial sequences learn an active reconfiguration strategy and exhibit switch-related signals
similar to brain activity.

Yet another possible source of switch cost is the incomplete adjustment of informa tion flow by
top-down signals (Figure 3C).  Switch  cost  is  typically  reduced  when  subjects  are  given  more
time to switch, but interestingly, it often persists even after ample preparation time—a
phenomenon known as ‘residual switch cost’ [61]. Studies using perceptual tasks have 
suggested that this cost arises because sensory weighting cannot be fully adjusted based on a
context cue alone [70,71]. Consistently, neuronal recordings have revealed lingering influences 
of task-irrelevant signals in sensory and associative areas [72–74], as well as neural signals that 
appear to actively suppress task-irrelevant information after a switch [75]. These findings suggest 
that task switching is not merely accomplished by an instantaneous transition of task states in a 
centralized control hub. Instead , it also requires adjustments across a distributed network of brain
regions spanning the sensorimotor hierarchies [1,40]. 

Finally, while the brain struggles with switching rules, it can also fail to maintain a consistent rule 
even under stationary experimental conditions. In perceptual tasks, this manifests as erroneous 
responses to unambiguous stimuli, reflected in the lapse rates of psychometric functions [76,77]. 
One interpretation suggests that these lapses are an outcome of an exploration–exploitation 
trade-off that enables occasional deviations from the curren t rule to detect environmental changes
[77,78]. Supporting this view, individuals with higher lapse rates tend to adapt m ore quickly when
task demands shift [78]. Thus, apparent suboptimality in rule switching and maintenance might 
reflect the brain’s adaptive strategy to balance flexibility and stability [57,68]. If so, RNNs would 
also face the same trade-off, raising an intriguing question about what modifications to RNNs 
wo uld lead to brain-like solutions.

Complexity on the implementation level: entangled representations
Non-canonical dynamics and the encoding of task-irrelevant variables
Analyses of neural geometry have shown that the seemingly ‘messy’ mixed selectivity of individual 
neurons can be visualized as ‘neat’ combinations of interpretable elements [5,6,8], but population 
analyses have also revealed deviations from the picture depicted by some of the ‘neat’ cognitive 
models. One example involves models of binary perceptual decision making: dominant models 
posit two neural modules competing for two choices via self-excita tion and mutual inhibition,
regardless of input or task context differences [79] (Figure 4A,  left).  These  models  give  rise  to  
line or bistable point attractor dynamics, in which neuronal population activity converges to one
of two states corresponding to each choice [81,82] (Figure 4B, left). However, neural geometry 
observed in multiple studies does not align well with this ‘neat’ model of competing choice 
modules. In the monkey parietal cortex, neuronal activity was found to form a task-specific,
6 Trends in Neurosciences, Month 2026, Vol. xx, No. xx
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Figure 4. Complexity on the implementation level: entangled representations. (A) ‘Neat’ binary decision-making 
models have proposed two neural modules competing for choices across different tasks [79] (left). The neural modules 
yield task-general manifolds between the encoding of two action plans (inset on the left). But in reali ty, parietal neurons in
monkeys show task-specific, curved neural manifolds misaligned with action encoding [80] (right). Blue and orange curves 
represent task-dependent manifolds drawn by connecting neuronal responses to different stimulus strengths during 
decision formation. (B) ‘Neat’ models in A exhibit line or bistable point attractor dynamics for decision making [81] (left). 
But the actual dynamics estimated from neural populations often reveal more complex patterns [82] (right). 
(C) Disentangled representations (Figure 2A, left) are not the only solution for task switching. Two neural networks trained 
on the same context-switch task can reach distinct solutions [83]. (D) Compositionalit y (Figure 2A, right) does not 
necessarily arise either. When monkeys perform the same visuomotor response in two adaptation contexts, the brain uses
two distinct neural subspaces, rather than reusing computational elements [84]. 
curved neural manifold to represent the strength of evidence for decisions, misaligned with the 
neurons’ encoding of preferred saccade choices [80] (Figure 4A, right). This curvature did not 
appear to have a functional role and could result from biological constraints of spiking activity. 
Similar curvature was also found in the ventromedial prefrontal cortex during value decision
making, explaining irrational choice behavior [85]. 

Another recent study directly estimated underlying dynamical landscapes from neural population 
data in rats performing an auditory discrimination task and found that the dynamics are complex 
and different from those predicted by previously proposed models [82] (Figure 4B, right). The 
observed dynamics instead reflect a transition from an initial phase dominated by sensory inputs 
to a phase dominated by autonomous dynamics, marking the moment of decision commitment. 
The complex geometries in these s tudies reveal brain-specific computations that could not be
deduced from existing normative models.

More broadly, neural activity in decision-making circuits often reflects various task-irrelevant 
variables, which are typically overlooked by normative models. When population activity is 
decomposed into task-dependent and task-independent components, the majority of variance
is attributed to the task-independent part [86]. For example, during cognitive tasks, a substantial 
portion of prefrontal activity in monkeys correlates with seemingly unrelated factors such as body
posture [87], a pattern also observed in rodent V1 [88], though to a much lesser extent in primate
Trends in Neurosciences, Month 2026, Vol. xx, No. xx 7
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V1 [89]. Another source of task-irrelevant signals can arise from fluctuations in internal states such 
as engagement, which can profoundly influence neuronal responses [90–93]. Population-level 
neural analyses have indeed revealed interference between slow neural drifts and t ask-
dependent computations [91,92]. It remains largely unclear how such task-‘irrelevant’ signals 
can be incorporated into models of cognition.

Entangled, non-compositional encodin g
The ‘neat’ view posits that disentangled encoding of task variables underlies flexibility [43] 
(Figure 2A), yet network implementations do not strictly conform to such representations. For 
example, networks trained on identical context-switching tasks can develop distinct geometries
[83]:  one  disentangled (Figure 4C, left) and another exhibiting c omplex, entangled patterns
(Figure 4C, right), depending on their initial connection weights. Indeed, such variability in 
solutions is pervasive in biological networks [94–98] and artificial netwo rks [95,99,100], challenging 
the necessity of a specific ‘neat’ geometry t o solve a task.

Compositionality is also not guaranteed to be the best solution for all situations. For instance, 
even when monkeys perform reaching tasks with the same visuomotor m apping, posterior
parietal neural activity occupies distinct subspaces between two adaptation contexts
(Figure 4D) [84]. Thus, when learning a new task, the brain does not necessarily reuse the 
same resources but sometimes uses a separate neural subspace to minimize interference
between tasks [23,98,101]. 

Indeed, in various task scenarios, disentangled or compositional encoding may not be 
advantageous. First, since disentangled representations should be recombined based on 
task demands in each trial, it can be more efficient to instead form a conjunctive code (task-
specialized representations) when subjects are well trained on tasks [102,103].  Second,
task-specific, rather than task-general, structures can help encode unique experiences. For 
example, in the monkey hippocampus, the population code for spatial position does not gener-
alize across tasks [104]; instead, it nonlinearly mixes spatial and non-spatial information in a 
task-dependent manner, potentially supporting the maintenance of task-specific  memory.
Third, forming shared representations across tasks can be detrimental when the brain is
engaged in multitasking, as overlapping information incurs interference [68].  In  a  working
memory task requiring the memorization of a sequence of target locations, the prefrontal cortex 
uses both shared and distinct neural resources across targets [105], possibly as a solution to 
the trade-off between interference and representational cost. Hence, the brain must strike a 
delicate balance between shared and indepe ndent representations across tasks to support
both flexible and robust behavior [68,106]. 

Two future research approaches to integrate the ‘ neat’ and ‘messy’
In the preceding sections, findings were deliberately organized into the ‘neat’ and ‘messy’ 
categories to highlight their multifaceted nature. Understanding the neurobiology of flexible 
cognition is arguably one of the m ost formidable challenges in neuroscience, yet advances in
population-level neural analysis [2,5–9] and artificial network modeling [10–12] have made it 
possible to characterize its mechanisms in interpretable forms (Figures 1 and 2). However, stud-
ies have also found intricate complexity that defies simple normative accounts (Figures 3 and 4). 
These lines of evidence may seem contradictory, for instance, by revealing disentangled versus 
entangled representations, or task-dependent information routing versus suboptimal effects of 
task-irrelevant information. Yet they are unlikely to reflect mutually exclusive theories; rather, 
they collectively illuminate different facets of the brain’s computations, each revealed through
the particular lens of task design, analysis approach, and model choice. It is as if one is observing
8 Trends in Neurosciences, Month 2026, Vol. xx, No. xx
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the projection of a complex sculpture (Figure 5A); it appears clearly structured when viewed from 
some angles (a magnifier in Figure 5A as an analogy for task designs, analyses, and models), 
whereas it looks messy from other angles. Most likely, this ‘messy’ side constitutes a substantial 
portion of the phenomenon, and thus cannot be ignored. How, then, can these divergent obser-
vations be in tegrated? In what follows, we explore two possible major directions for future
research, drawing on this analogy (Figure 5B,C). 

Expand the ‘neat’ interpretation (a hypothe sis-driven approach)
One strategy is to expand the ‘neat’ interpretation through a hypothesis-driven approach. This 
approach focuses on finding better normative or task-optimized computational models that 
capture the biological constraints, turning appare nt ‘messiness’ into an elegant interpretation
(Figure 5B; ‘moving the magnifi er’).

On the behavioral level, seemingly suboptimal strategies can actually be optimal under certain 
constraints or objective functions (i.e., what an organism seeks to optimize) [68,107,108]. 
Bayesian models of perception, for instance, have often been refined to a ccount for data by
modifying their prior distributions [109]. This strategy extends to ANNs through t he neuro-
connectionist program [11], which seeks to better align network models with experimental 
data by varying architectures, objective functions, and learning rules [10] together with training 
schedules (Figure 5C). For example, the human switch cost discussed earlier can be 
reproduced by RNNs in some cases if specific training sequences are used [69].  In  another
example, RNNs trained under ecologically relevant conditions—where errors are more 
frequent than correct outcomes—repl icate rats’ suboptimal reliance on correct feedback in
learning tasks [107]. However, this modeling flexibility introduces a caveat: model assumptions 
can be iteratively adjusted to explain away the ‘messy’ results post hoc [55]. To guard against 
this, it will be increasingly important to identify unifying computational principles that explain 
diverse findings across multiple t asks and naturalistic conditions. Future work should also
treat individual variability [94,95,97,98] and strategic fluctuatio ns [93,110] not as nuisance 
noise but as meaningful features of behavior and models. Extending models in this direction 
may also capture dysfunction in neural computations, which opens avenues for clinical
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Figure 5. Two research directions for integrating the ‘neat’ and ‘messy’. (A) Depending on the task designs, analysis methods, and models used to investigate 
brain computations, behavior and neural representations appear sometimes normative and structured (‘neat’) and sometimes not (‘messy’). It is as if researchers are 
viewing a complex sculpture (represented by the tangled string on the brain schematic) from different angles (represented by magnifiers). (B) This analogy helps 
envision possible paths forward. One approach is to find more viewpoints that offer ‘neat’ theories (‘moving the magnifier’) by developing task designs, analysis tools, 
and models that better capture the brain’s constraints and objective functions (i.e., what an organism seeks to optimize). The other approach is to employ large-scale 
networkmodels that directly fit behavioral or neural data (represented by a video camera). Analyzing the fittedmodels may uncover interpretable principles of brain function.
(C) One of the future goals is to construct models that are interpretable but also accurately capture the brain’s task-dependent computations (‘target’ at the top right).
‘Neat’, task-optimized models (bottom right) can be interpretable but do not explain the ‘messy’ reality. The two directions represented in B take complementary paths
toward achieving this goal.
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applications (Box 1). At the same time, these approaches demand rigorous task designs to 
reduce interpretational uncertainty [119,120]. 

At the neuronal level, analysis of neural geometry has been an important tool for finding the ‘neat’
neuronal representation [6,8,9,16]. Its strength lies in the flexibility it offers for visualizing and 
interpreting neural activity. Conventional ‘single-cell’ analyses view a neural state space only 
along specific axes, such as population-averaged firing rate, whereas geometry analyses explore 
alternative axes (determined by dimensionality reduction techniques) and describe neural activity 
using richer language—such as rotation, orthogonalit y, and disentanglement—to relate neural
activity to models. However, similar trial-average geometries do not necessarily reflect the
same underlying computations [99]; thus, characterizing more fine-grained, single-trial dynamics 
may be required to interrogate the mechanisms [121]. Moreover, as we summarized earlier, the 
observed geometries often take forms that are uninterpretable by existing task-optimized models
(Figure 4A,B). If brain-specific constraints (e.g., minimizing energy cost [105]) or broader objective 
functions (e.g., solving many tasks) are at play, better alignment with neural data may be achieved 
through the development of network models that are more biologically realistic [21] or perform 
many tasks [24,25]. 

Embrace the ‘messy’ reality (a data-driven approach)
An alternative direction is a data-driven approach that seeks to capture the full complexity of the 
system, both ‘neat’ and ‘messy’, using artificial network models (Figure 5B). At the behavioral 
level, RNNs can be trained to reproduce behavioral responses rather than being optimized for 
task performance. These data-driven networks serve as surrogate models to infer hidden internal
dynamics in apparently ‘messy’ behavioral data [63,64,69,122]. For instance, this approach has 
been used to understand the neural mechanisms underlying switch cost [63,64]. At the neuronal 
level, a growing set of tools now supports fitting ANNs [123–126] or dynamical system s [99,127] 
to raw neural data as well as joint fitting of neural and behavioral data [128]. While such data-
driven approaches are currently applied to individual datasets, it may eventually be possible to 
construct ‘foundation’ models that capture behavioral and neural data across a broad range of
tasks. For example, a recent study [129] developed a large language model that fits human 
choice behavior across 160 psychological tasks, generalizes to held-out participants and unseen
tasks, and aligns with neural activity.
Box 1. Integrating the ‘neat’ and ‘messy’ for futur e translational breakthroughs

Tests for cognitive flexibility—such as the Wisconsin Card Sorting Task—have long been considered candidate tools for 
diagnosing mental disorders such as Alzheimer’s disease and obsessive-compulsive disorder [111], suggesting that the 
two future directions outlined in the main text (Figure 5) may also contribute to translational research.

The hypothesis-driven approaches (expand ‘the neat’) emphasize how neural computations align with or deviate from 
normative/task-optimized models, naturally extending to questions about how such computations are specifically altered 
in clinical populations. For example, models of reinforcement learning and decision making (e.g., the drift diffusion model)
have been applied to clinical groups to pinpoint altered mechanistic components [112]. This approach can be extended to 
task-optimized ANNs; by adjusting their architectures, objective functions, and learning rules [10], one can investigate 
which changes in these components best approximate the differences between healthy and clinical populations [11]. 

The second, data-driven approaches propose using artificial network models to capture the full complexity of biological data. 
Most mental disorders resist explanation as simple breakdowns of isolated modules or causal chains [113],  suggesting  that  
normative/task-optimized models may fall short in accounting for all relevant details. Larger-scale networks, by contrast, may 
directly fit ‘big data’ from large patient cohorts and yield foundation models that generalize across individuals and tasks
[114,115]. Currently, deep networks are used in translational research primarily to improve diagnostic accuracy based on 
biomarkers such as structural MRI, electroencephalography, and genetic data [116,117]. In these applications, deep 
networks are used as data analysis tools, without necessarily capturing the neural mechanisms of cognitive dysfunction. 
Future research should integrate task-related (cognitive) and task-irrelevant biological data [118].
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Outstanding questions 
Under what conditions do simplified 
models fail to explain animals’ task-
dependent behavior? What metrics 
should be used to de termine whether
a simplified model is insufficient?

Can the geometrical perspective be 
expanded to interpret population 
neural activity across a broad 
continuum of tasks and strate gies
beyond the simplified experimental
settings used to date?

What is the best approach to establish 
the causal role of biological constraints 
(e.g., wiring limitations) and brain-
specific objective functions 
(e.g., exploration–exploitation balance) 
in ta sk-dependent computations?

Does training history—or even life 
experience—affect how individuals 
solve cognitive tasks, leading to 
cross-individual va riability? How can
models account for such variability?

How can researchers scale up binary 
task-switching tasks and models to 
more naturalistic, complex behavioral 
settings while maintaining experimen-
tal control?

How can simple, principled 
frameworks and models be reliably 
extracted from large netw ork models
trained on neural or behavioral data?

Can features of task-dependent neural 
geometry (e.g., entangled representa-
tions) serve as biomarkers for diagnosing 
cognitive deficits in clinical populations?

Trends in Neurosciences
There have also been growing efforts to derive the ‘neat’ computational principles f rom data-
driven models (Figure 5C). At the behavioral level, tiny RNNs [122] with only one to four units 
can outperform classical cognitive models in fitting behavioral data and uncover interpretable 
computations that deviate from standard theories like Bayesian e stimation. For neural data,
employing low-rank architectures [130,131] or latent variable models [124,132] in RNNs facili-
tates mapping their complex dynamics to interpretable components. While these methods 
have proven powerful for simple tasks, extending them to complex settings remains a critical 
future direction. Researchers should also remain cautio us: mere focus on data fit performance
risks obtaining models that largely deviate from genuine biological mechanisms [133,134]. 

Concluding remarks 
In this review, we provided an overview of recent advances in the study of task-dependent 
computations in systems neuroscience, with a focus on non-human primate research and 
relevant computational work. The popularization of techniques for visualizing neural geometry 
and modeling artificial networks has contributed to a ‘neat’ view of how mixed and 
heterogeneous neuronal responses can be interpreted as disentangled, structured represen-
tations of task variables in the neural state space, enabling efficient task switching. At the 
same time, brain computations also involve intricate complexity (‘messy’ aspects) that resists
simple normative accounts, such as the encoding of task-irrelevant variables, entangled
representations, and suboptimal behaviors. These diverse findings are perhaps unsurprising,
given the diversity of task designs, analyses, and modeling used to study task-dependent
computations (Figure 5A). 

This perspective motivates two major directions for future research (Figure 5B). The first seeks to 
expand the ‘neat’ frameworks by refining task design, data analysis, and computational model-
ing. The second leverages ANNs to directly fit behavioral and neural datasets, capturing both 
the ‘neat’ and the ‘messy’. In either of the two directions, future models should aim to incorporate
brain-specific constraints and objective functions to explain the rich diversity of phenomenology
(see Outstanding questi ons). These expanded models may also offer insights into altered neural 
mechanisms in clinical populations , strengthening links between basic and translational research.
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