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Thalamus has traditionally been considered as only a relay source of cortical inputs, with hierarchically
organized cortical circuits serially transforming thalamic signals to cognitively-relevant representations. Given
the absence of local excitatory connections within the thalamus, the notion of thalamic ‘relay’ seemed like a
reasonable description over the last several decades. Recent advances in experimental approaches and theory
provide a broader perspective on the role of the thalamus in cognitively-relevant cortical computations, and
suggest that only a subset of thalamic circuit motifs fit the relay description. Here, we discuss this perspective
and highlight the potential role for the thalamus in dynamic selection of cortical representations through a
combination of intrinsic thalamic computations and output signals that change cortical network functional
parameters. We suggest that through the contextual modulation of cortical computation, thalamus and
cortex jointly optimize the information/cost tradeoff in an emergent fashion. We emphasize that coordinated
experimental and theoretical efforts will provide a path to understanding the role of the thalamus in cognition,
along with an understanding to augment cognitive capacity in health and disease.
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Cortico-centric view of perceptual and cognitive processing

Until recently, cognition [in mammalian, bird and reptilian nervous system] has been viewed as a corticocentric process, with thalamus considered to only play
the mere role of a relay system. This classic view, much
driven by the visual hierarchical model of the mammalian
cortex24 , puts thalamus at the beginning of a feedforward
hierarchy. The transmission of information from thalamus to early sensory cortex (V1 in the visual system for
example), and the gradual increasing complex representations from V2 to MT/IT and eventually prefrontal cortex (PFC), constitute the core of the perceptual representation under the hierarchical model. A recent comparative study of biologically-plausible Convolutional Neural Networks (CNN) and the visual ventral stream, emphasizes on the feature enrichment through the network
of hierarchically interconnected computational modules
(layers in the neural network and areas in the ventral
stream)110 .
The strictly static feedforward model has since morphed to a dynamic hierarchical model due to the discoveries of the role of feedback from higher cortical areas
to lower cortical areas35 . These dynamic hierarchies are
even considered to be favorable for recursive optimizations, where the overall optimization can be achieved by
breaking the problem into smaller ones in order to find
the optimum for each of these smaller problems. However, it is possible for the recursive optimization not to
be confined to just one area of the cortex. It may also be
that these smaller optimizations may be solved differently
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at different cortical areas58 . This view of cortical computation is also paralleled with the growing use of recurrent neural networks (RNN) that can capture the dynamics of single neurons or neural population in a variety of
tasks. As such, RNNs can mimic (a) context-dependent
prefrontal response57 or (b) can reproduce the temporal scaling of neural responses in medial frontal cortex
and caudate nucleus103 . Nonetheless, the main attribute
of perception/cognition remains cortico-centric under the
umbrella of dynamic hierarchical models or RNN embodiment of cortical cognitive functions. Since the computation that is carried by the system should match the computing elements at the appropriate scale17 a mismatch
between these presumed computational systems and the
underlying circuitry becomes vividly apparent. Specifically, let’s note that a) associative cortex (and not just
sensory cortex) receives thalamic input, b) certain thalamic territories receive their primary (driving) input from
the cortex, rather than sensory periphery, some of which
are likely to be highly convergent on a single thalamic
cell level and c) cortex is demarcated by local excitatory
connectivity (while the thalamus is devoid of this feature). These points should prompt us to reconsider this
cortico-centric view of computation and indicates that it
need to be extended to a thalamocortical one. As such,
the thalamic contribution to cognitive computations can
be twofold: First, they can modulate the ongoing cortical
activity and second, they might be pure thalamic computations. The nature of such intrinsic thalamic computations would be determined by both the types of inputs
a thalamic neuron receives as well as how these inputs
interact (both linearly and non-linearly). As we will discuss in the next several sections, the combination of these
features allows the thalamus to compute a variety of signals associated with ongoing cortical states, which can be
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more easily used to dynamically adjust cortical computations through real-time modulation of functional cortical
architecture. Further, we propose that thalamus may
provide a contextual signal that reorganizes functional
connectivity in frontal cortices in response to contextual
changes. We suggest that the unique cognitive capability of the thalamo-cortical system is tightly bound to

parallel processing and contextual modulation that are
enabled by the diversity of computing nodes (including
thalamic and cortical structures) and complexity of the
computing architecture (Fig. 1). We will start with a
brief overview of the thalamic architecture, followed by
experimental evidence and a computational perspective
of the thalamic role in contextual cognitive computation
.
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Figure 1. Cognitive computing morphospace: Morphospace of a few example biological and synthetic computing engines
in a multidimensional layout. The thalamo-cortical system standout as a unique system with high cognitive capacity, massive
parallel processing and extreme diversity of the computing nodes. Other computing systems occupy less desirable domains
of this morphospace. Logic Gates: NAND, NOR; Genetic Logic Gate: Synthetic biology adaptation of logic gate; FPGA:
field-programmable gate array (configurable integrated circuit); CNN : Convolutional Neural Network; Physarium Machine:
programmable amorphous biological computer experimentally implemented in slime mould. Reservoir Computing: A reservoir
of recurrent neurons that dynamically change their activity to nonlinearly map the input to a new space; DNA computing: A
computing paradigm where many different DNA molecules are used to perform large number of logical computations in parallel;
Connection Machine: the first commercial supercomputer designed for problems of Artificial Intelligence (AI) using hardware
enabled parallel processing.

Thalamic architecture: anatomical and functional features

Among all brain structures, the forebrain is likely to be
most related to cognitive capacity, given that forebrain

expansion positively correlates (and perhaps defines) cognitive expansion throughout evolution46,74,75,87 . Forebrain is composed of diencephalon (hypothalamus, epithalamus and subthalamus) along with the telencephalon
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ling the first as observed in sensory systems80 , and ETI
controlling the latter as observed in motor systems102 .
For example, basal ganglia control of thalamic responses,
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(cortex and basal ganglia)10 . Analogous structures exist throughout the vertebrate lineage10,15 . Both the cortex and basal ganglia are demarcated by local recurrent
connections, with the main difference being that cortical
excitatory recurrence gives rise to long-lasting attractor
dynamics thought to underlie many cognitive processes
such as memory and decision making104,107 . The basal
ganglia are inhibitory structures, with local recurrence
thought to implement selection through lateral inhibition
rather than long lasting attractor state63,105,106 . Within
this framework, what does the thalamus do? The answer depends on ‘the thalamus’ in question. Traditionally, thalamic nuclei (see Fig. 2) are defined as collections of neurons that are segregated by gross features
such as white matter tracts and various types of tissue
staining procedures42 . This gross anatomical classification has been equated with a functional one, where individual thalamic nuclei giving rise to a set of defined
functions42,43 . More recent fine anatomical studies challenge this notion, showing that within individual nuclei,
single cell input/output connectivity patterns are quite
variable (see below).
This thalamic input diversity sets the bases for nonunitary computational role of thalamus in integrating information. Thalamus lacks lateral excitatory connections
and rather receives inputs from other subcortical structures and/or cortex. In fact, a major feature of forebrain
expansion across evolution is the invasion of the thalamus by cortical inputs30,85 . Most (90-95%) afferents to
the relay nuclei are not from the sensory organs43,93 . The
majority of these inputs originate from intrinsic (local
GABAergic neurons, projections from reticular nucleus,
thalamic interneurons–mostly absent in non-LGN relay
nuclei) and extrinsic sources (feedback from layer 6 of
the cortex as well as from brainstem reticular formation)
(see Fig. 3 for an example view of cell and network architecture diversity). Recent anatomical studies have shown
a great diversity of cortical input type, strength and inferred degree of convergence, even within individual thalamic nuclei11 .
In addition to the diversity of excitatory inputs, thalamic circuits receive a diversity of inhibitory inputs. The
two major systems of inhibitory control are the thalamic reticular nucleus (TRN), a shell of inhibitory nucleus
surrounding thalamic excitatory nuclei, and the extrathalamic inhibitory system; a group of inhibitory projects
across the fore-, mid- and hindbrain (see32 for a review
on thalamic inhibition). Perhaps a major differentiating
feature of these two systems (TRN and ETI) is temporal precision. One of the key characteristics of thalamus
is lack of direct local loops. Only a very small group
of inhibitory neurons with local connections exists in
thalamus98 . A mechanistic consequence of this architecture is the differential control of thalamic response gain
and selectivity (Fig. 3 F and G), with the TRN control-
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Figure 2. Schematic layout of thalamic nuclei: Three
cross sections of monkey thalamus. AD: anterodorsal nucleus; AM : anteromedial nucleus; AV : anteroventral nucleus;
CM : centromedian nucleus; CN : caudate nucleus; H : habenular nucleus; IL: intralaminar nuclei;LD: lateral dorsal nucleus; LGN : lateral geniculate nucleus;MD: mediodorsal nucleus; MGN(D): medial geniculate nucleus (dorsal); MGN(V):
medial geniculate nucleus (ventral); PU : pulvinar; TRN : thalamic reticular nucleus (not a relay nucleus); VA: ventral
anterior nucleus; VL: ventral lateral nucleus; VPI : ventral
posterior nucleus (inferior); VPL: ventral posterior nucleus
(lateral); VPM : ventral posterior nucleus medial. Redrawn
from93 .

a form of ETI control, would be implemented through
thalamic disinhibition, which is not only dependent on
ETI input, but also a special type of thalamic conductance that enables high frequency ‘bursting’ upon release
from inhibition19,29 .
Overall, the variety of thalamic inputs (both excitatory and inhibitory), combined with intrinsic thalamic
features such as excitability and morphology will determine the type of intrinsic computations the thalamus
performs. For example, if a thalamic neuron within a
particular circuit motif received temporally offset cortical inputs, one direct and another through basal ganglia
stations, then that neuron may be perfect for computing
a prediction error based on a raw cortical signal (or state)
at t0 and a processed one at t0 + ∆t (basal ganglia operation). This view appears to be consistent with recent observations of confidence encoding in both sensory47 and
motor systems41,54 .
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Figure 3. Diversity and complexity of thalamo-cortical architectures: (A) Comparative size of a single RGC (retinal
ganglion cell) terminal (red) and an LGN neuron (black); Redrawn from25 . (B) Complete terminal arbor of a single LGN
neuron projecting to V1; Redrawn from82 . (C) Projection of a TC (thalamo-cortical) neuron to cat motor cortex (with only
23 terminals in TRN versus 1632 terminals in VA/VL); Redrawn from45,76 (D,E) Axonal arborization of a single MD neuron
(E) and a single POm neuron (E). Principal target layers are: layer I (green), layer II-IV (green-yellow), layer V (blue),
layer VI (purple); Redrawn from50 . Note the comparative size of panels A-E (scale bar at 100 µm). (F,G) Synaptic network
of thalamo-cortical (Th-cx), Reticular thalamic cell (RE) and local circuit (L-circ) thalamic interneuron in rodents (F) and
feline/primates (G). Note that rodents do not have L-circ. Afferent axon excites Th-cx, which in return sends the signal to
cortex. RE inhibitory effect on Th-cx cells varies depending on the excitatory drive to each Th-cx cell (F : compare the two
neurons on the right versus the one on the left). Axonal collaterals of an RE cell could inhibit another RE cell (G: top RE
inhibits the bottom RE), which releases the activity of L-circ leading to inhibition of weakly excited Th-cx (bottom) adjacent
to the active Th-cx (top). Panels F and G are redrawn from99 based on experiments from97,100 .

Thalamic output diversity sets thalamus to be poised
as the relay as well as the modulator of cortical activity. Thalamic relay nuclei mostly project to the cortical
middle layers in a topographic fashion. However, the
majority of thalamic structures project more diffusely to

the cortical superficial layers, such as mediodorsal (MD),
posteriodmedial complex (POm) and pulvinar for example (see Fig. 3 for an example of thalamic cell and circuit
diversity). These diffuse projections seem poorly suited
to relay information in a piecewise manner. Rather,
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they might have a modulatory role of cortical function.
Further, a great degree of diversity can be observed at
the level of thalamic axonal terminals within the cortex.
While the idea of a thalamic relay was consolidated by
observing that the main LGN neurons thought to be associated with form vision (M and P pathways) exhibit
spatially compact cortical terminals, recent anatomical
studies of individual neurons across the thalamus show
a variety of terminal sizes and degree of spatial spread
and intricate computational architecture (Fig. 3). This
complexity of the architecture and diversity of the computing nodes are among the key factors that set apart
the thalamo-cortical system from other conventional and
unconventional computing engines (Fig. 1). Part of
the complication in understanding how these anatomical
types give rise to different functions is their potential for
contacting different sets of excitatory and inhibitory cortical neurons. For example, activating the mediodorsal
thalamus (MD) does not generate spikes across a population of prefrontal cortical neurons they project to, while
activating LGN generates spikes in striate cortex88 . Instead, MD activation results in overall enhancement of
inhibitory tone, coupled with enhanced local recurrent
connectivity within the PFC. This finding also argues
against a relay function, because in this case the MD is
changing the mode by which PFC neurons interact with
one another, initiating and updating different attractor
dynamics underlying distinct cognitive states. This idea
of the thalamus controlling cortical state parameters is
highlighted in Figs. 4, 5 and the next section.

Many facets of thalamic computation

It is commonly thought that processes like attention,
decision making and working memory are implemented
through distributed computations across multiple cortical regions12,62,89 . However, it is unclear how these computations are coordinated to drive relevant behavioral
outputs. From an anatomical standpoint, the thalamus is
strategically positioned to perform this function, but relatively little is known about its broad functional engagement in cognition. The thalamic cellular composition
and network structure constrain how cortex receives and
processes information. The thalamus is the major input
to the cortex and interactions between the two structures
are critical for sensation, action and cognition44,69,92 . Despite recent studies showing that the mammalian thalamus contains several circuit motifs, each with specific input/output characteristics, the thalamus is traditionally
viewed as a relay to or between cortical regions93 .
It is worth mentioning that this view of bona fide
thalamic computations is quite distinct from the one in
which thalamic responses reflect their inputs, with only
linear changes in response size. This property of reflecting an input (with only slight modification of amplitude)
was initially observed in the lateral geniculate nucleus
(LGN), which receives inputs from the retina. LGN re-

sponses to specific sensory inputs (their receptive fields,
RF) are very similar to those in the retina itself, arguing
that there is little intrinsic computation happening in the
LGN itself outside of gain control. Success in early vision
studies36,37 might have inadvertently given rise to the
LGN relay function being generalized across the thalamus. The strictly feedforward thalamic role in cognition
requires reconsideration33 ; only a few thalamic territories
receive peripheral sensory inputs and project cortically in
a localized manner, as the LGN does25,42,45,82,92 . Below
we will discuss how the distinctive anatomical architecture and computational role of pulvinar and MD differ
from the one just described for LGN.
The largest thalamic structures in mammals, the MD
and pulvinar contain many neurons that receive convergent cortical inputs and project diffusely across multiple
cortical layers and regions11,86 . For example, the primate
pulvinar has both territories that receive topographical,
non-convergent inputs from the striate cortex86 and others that receive convergent inputs from non-striate visual
cortical (and frontal) areas60 . This same thalamic nucleus also receives inputs from the superior colliculus79 , a
subcortical region receiving retinal inputs. This suggests
that the pulvinar contains multiple input ‘motifs’ solely
based on the diversity of excitatory input. This input diversity is not limited to the pulvinar, but is seen within
many thalamic nuclei across the mammalian forebrain8 .
Local inactivation of pulvinar neurons results in reduced
neural activity in primary visual cortex81 suggesting a
feedforward role. In contrast, recent findings show that
during perceptual decision making pulvinar neurons encode choice confidence, rather than stimulus category47 ,
strongly arguing for more pulvinar functions beyond relaying information.
In the case of MD, direct sensory input is limited64 and
the diffuse, distributed projections to cortex50 are poorly
suited for information relay; this input/output connectivity suggests different functions. Recent studies9,88 have
begun to shed light on the type of computation that MD
performs. Studying attentional control in the mouse88
has revealed that MD coordinates task-relevant activity in the prefrontal cortex (PFC) in a manner analogous to a contextual signal regulating distinct attractor
states within a computing reservoir. Specifically, in a
task where animals had to keep a rule in mind over a brief
delay period (Fig. 4A), PFC neurons show populationlevel persistent activity following the rule presentation, a
sensory cue that instructs the animal to direct its attention to either vision or audition (Fig. 4B,C). MD neurons
show responses that are devoid of categorical selectivity
(Fig. 4D), yet are critical for selective PFC activity; optogenetic MD inhibition diminishes this activity, while MD
activation augments it. The conclusion is that MD inputs
enhance synaptic connectivity among PFC neurons or
may adjust the activity of PFC neurons through selective
filtering of the thalamic inputs. In other words, delayperiod MD activity maintains rule-selective PFC representations by augmenting local excitatory recurrence88 .
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ings indicate that PFC might have to recursively pull in
MD to sustain cortical representations as working memory weakens with time. Together these studies indicate
that PFC cognitive computation can not be dissociated
from MD activity. Further evidence for the critical role
of the MD-PFC interaction for cognition is the disrupted
fronto-thalamic anatomical and functional connectivity
seen in neurodevelopmental disorders59,65,68,78,108 .

In a related study, a delayed nonmatching-to-sample
T-maze working memory task9 , it was shown that MD
amplification and maintenance of higher PFC activity indicated correct performance during the subsequent choice
phase of the task. Interestingly, MD-dependent increased
PFC activity was much more pronounced during the later
(in delay) rather than earlier part of the task. These find-
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Figure 4. MD-PFC interactions during sustained rule representations. (A) attentional control task design. (B)
Example peri-stimulus time histogram (PSTH) for a neuron tuned to attend to vision rule signaled through low pass noise
cue (C) Examples showing that rule-specificity is maintained across distinct PFC rule-tuned populations. (D) PSTHs of four
MD neurons showing consistent lack of rule specificity. (E) Example rasters and PSTHs of an MD and PFC neuron when
the animal is engaged in the task and outside of the behavioral arena. In contrast to PFC, MD neurons show the contextual
difference in a change in firing rate. Figure is redrawn from88 .
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Can MD select cortical subnetworks based on contextual
modulation?

Why would a recurrent network (PFC) computation
depend on its interaction with a non-recurrent (MD) nonrelay network? What computational advantage such system would have? Using a chemogenetic approach, a recent study suggested that information flow in the MDPFC network can be unidirectional. While both inactivating PFC-to-thalamus and MD-to-cortex pathways impaired recognition of a change in reward value in rats
performing a decision making task, only the inactivation
of MD-to-cortex pathway had an impact on the behavioral response to a change in action-reward relationship3 .
Given that a sensory stimulus may require a different action depending on the context in which it occurs, the
ability to flexibly re-route the active PFC subnetwork
to a different output may be crucial. In an architecture like the PFC-MD network, where MD can modulate
PFC functional connectivity, MD might well be suited
to re-route the ongoing activity in a context dependent
manner. In fact, in the mouse cognitive task described
above (Fig. 4A), a subset of MD neurons showed substantial spike rate modulation during task engagement
compared to when the animals is in its home in cage (see
Fig. 4E)88 . In contrast, PFC neurons show very little
difference in spike rates when the animal gets engaged
in the task. This suggests that perhaps different subsets
of MD neurons are capable of encoding task ‘contexts’.
Subsequently, each given subset could unlock a distinct
cortical association. These MD subsets have to be able
to shift the cortical states dynamically while maintaining
the selectivity based on the subset of cortical connections
they target. This idea would also fit with the paradigm
shift indicating that thalamic neurons exert dynamical
control over information relay to cortex6,77 .
Overall, the anatomical and neurophysiological data
show that the thalamic structure and cortico-thalamic
network circuitry, and the interplay between thalamus
and cortex, shape the frame within which thalamus plays
the dual role of relay and modulator. Under this framework, different thalamic nuclei carry out multitude of
computation including but not limited to information relay. A suggestion of this comparative computational role
of LGN, pulvinar and MD is depicted in Fig 8.

Is thalamus a read-write medium for cortical parallel
processing?

If the brain were to function as a simple pattern matching system without wiring and metabolic constrains, evolution would just expand the size and depth of the network to the point that it could potentially memorize a
large number of possible patterns. Possibly, evolution
would have achieved this approximation of arbitrary patterns by evolving a deep network. This would be a desirable solution since any system can be defined as a poly-

nomial Hamiltonians of low order, which can be accurately approximated by neural networks53 . But cognition is much more than template matching and classification achieved by a neural network. The limits of template matching methods in dealing with (rotation, translation and scale) invariance in object recognition quickly
became known to neuroscientists and in early works on
computer vision. One of the early pioneers of AI, Oliver
Selfridge, proposed Pandemonium architecture to overcome this issue90 . Selfridge envisioned serially connected
distinct demons (an image demon, followed by a set of
parallel feature demons, followed by a set of parallel cognitive demons and eventually a decision demon), that independently perceive parts of the input before reaching
a consensus together through a mixture of serial culmination of evidence from parallel processing. This simple
feedforward computational pattern recognition model is
(in some ways) a predecessor to modern day connectionist feedforward neural networks, much like what we discussed earlier in the text. However, despite its simplicity,
Pandemonium was a leap forward in understanding that
the intensity of (independent parallel) activity along with
a need to a summation inference are the keys to move
from simple template matching to a system that has a
concept about the processed input. A later extension of
this idea was proposed by Allen Newell as the Blackboard
model: “Metaphorically, we can think of a set of workers, all looking at the same blackboard: each is able to
read everything that is on it and to judge when he has
something worthwhile to add to it. This conception is
just that of Selfridge’s Pandemonium: a set of demons
independently looking at the total situation and shrieking
in proportion to what they see that fits their natures” 71 .
Blackboard AI systems, adapted based on this model,
have a common knowledge base (blackboard) that is iteratively updated (written to and read from) by a group
of knowledge sources (specialist modules), and a control
shell (organizing the updates by knowledge sources)72 .
Interestingly, this computational metaphor can also be
extended to the interaction between thalamus and cortex, though thalamic blackboard is not a passive one as
in the blackboard systems34,66,67 . Although, initially the
active blackboard was used as an analogy for LGN computation, the nature of MD connectivity and its communication with cortex seem much more suitable to the
type of computations that is enabled by an active blackboard. Starting with an input, thalamus as the common
blackboard visible to processing (cortical) modules, initially presents the problem (input) for parallel processing by modules. Here by module, we refer to a group of
cortical neurons that form a functional assembly which
may or may not be clustered together (in a column for
example). By iteratively reading (via thalamo-cortical
projections) from and writing (via cortico-thalamic projections) to this active blackboard, expert pattern recognition modules, gradually refine their initial guess based
on their internal processing and the updates of the common knowledge. This process continues until the problem

8
is solved (Fig. 5). However, since we are dealing with
a biological system with finite resources, this back and
forth communication needs to have some characteristics
to provide a viable computational solution. First and
foremost, the control of interaction and its scheduling
has to have a plausible biological component and should
bind solutions as time evolves. Second, to avoid turning into an NP-hard (non-deterministic polynomial-time
hardness) problem, there must exist a mechanism that
stops this iterative computation once an approximation

has been reached (Fig. 5). In this paper, we propose specific solution to the first problem and a plausible one for
the later issue. We suggest that phase-dependent contextual modulation serves to deal with the first issue and a
multi-objective optimization of efficiency (computational
information gain) and economy (computational cost, i.e.
metabolic needs and the required time for computation)
handles the second issue (Fig. 6). In both cases, we suggest that thalamus plays an integral role in conjunction
with cortex.

Core attributes of cognitive processing, attention and
binding in time

network models84 . The most widely used ANNs (Feedforward nets , i.e. multilayer perceptrons/Deep Learning
algorithms) face fundamental deficiencies: the ubiquitous
training algorithms (such as back-propagation), i) have
no biological plausibility, ii) have high computational cost
(number of operations and speed), and iii) require millions of examples for proper adjustment of NN weights.
These features renders feedforward NNs not suitable for
temporal information processing. In contrast, recurrent neural networks (RNNs) can universally approximate the state of dynamical systems26 , and because of
their dynamical memory are well suited for contextual
computation. It has been suggested that RNNs are able
to perform real-time computation at the edge of chaos,
where the network harbors optimal readout and memory
capacity7 . The functional similarity of gated-recurrent
neural networks and cortical microcircuitry continues to
be at the forefront of AI and neuroscience interface13 . If
higher cortical areas were to show some features of RNNlike networks, as manifested by the dynamical response of
single neurons57 , then we anticipate that the local computation (interaction between neighboring neurons) to be
mostly driven by external biases. The thalamic projections could then play the role of bias where they seed
the state of the network. While this may be a feasible
portrait, the picture misses the existence of large-scale
feedback loops which are neither feedforward nor locally
recurrent2,31 . To reconcile, we need our system of interest to show phase-sensitive detection that binds the
locally recurrent activity in cortex, with large-scale feedback loops.

To expand the idea of read-write further, let’s revisit
some core attributes of cognitive processing. First, we
wish to point to two key features of cognitive processing, namely “searchlight of attention” and “binding in
time”. Then we examine how these attributes match
the computational constrains that are met by thalamic
circuitry and functions. The “searchlight of attention”,
first proposed by Crick as a function of thalamic reticular formation14 , proposes that through change in firing pattern (bursting vs tonic firing), thalamic nuclei
dynamically switch between detection and perception.
The bursting nonlinear response signals a change in the
environment, while the tonic mode underlies perceptual
processing. One biophysical mechanism responsible for
this change between bursting and tonic modes is implemented by cortico-thalamic activation of glutamate
metabotropic receptors61 . This mechanism puts thalamus as the mediator between peripheral and cortical input, creating a closed-loop computation1 . A necessary
property of thalamic-driven change of perceptual processing, and hence cognition, is the existence of cortical
re-entry. From both anatomical studies and electrophysiological investigations31 , we know that thalamus is at a
prime position to modify the relay signal based on the
cognitive processing that is happening in the cortex9,88 .
This thalamic-driven attention entails “binding in time”
since how thalamus modifies its relay at a given time is
itself influenced by what is perceived by the cortex in
time prior.
But how can the “binding in time” avoid locking-in
the thalamic function to a set of inputs at a given time?
How can thalamus constantly be both ahead of cortex
and yet keep track of the past information? The secret
may be embedded in the non-recurrent intrinsic structure of thalamus and the recurrent structure of the higher
cortical areas. As mentioned earlier, we know that hierarchical convolutional neural networks (HCNN), which
can recapitulate certain properties of static hierarchical
forward models, can not capture any processes that need
to store prior states109 . As a result, context-dependent
processing can be extremely hard to implement in neural

Computational constrains and the role of thalamus in
phase-dependent contextual modulation

Based on the observations of behavior, higher cognition requires “efficient computation”, “time delay feedback”, the capacity to “retain information” and “contextual” computational properties. Such computational cognitive process surpass the computational capacity of simple RNN-like networks. The essential required properties
of a complex cognitive system of such kind are: 1) input
should be nonlinearly mapped onto the high-dimensional
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0 1 1 0 1 1 0 1 1
1 0 1 1 1 0 1 0 0
Function 0 1 1 0 1 1 0 0 0
Weight .3 .1 .5 .4 .6 .7 0 .2 .1

.......
.......

Classiﬁcation

1 0 1 1 1 0 1 1 1
0 1 1 0 1 1 0 1 1
1 1 0 1 1 0 1 0 1
.......
.......

B

Weight .2 .3 .9 .6 .1 ...
Pointer a b c d e ...
e
Tim

(a)
Function 0 1 1
Weight .3 .1 .5

Dynamic Data

1 1 0 1 1 0 1 0 1
0 1 1 0 1 1 0 1 1
1 0 1 1 1 0 1 0 0

tn+3dt

C

Non-recurrent

(c)
1 1
.2 .8

(d)
0 1 1 0 1
.3 .1 .5 .4 .6

(e)
1 0 0 0
.7 0 .2 .1

Weight .3 .7 .5 .6 .2 ...
Pointer a b c d e ...
(a)
Function 1 0 1
Weight .7 .3 .6

.......
.......
1 0 1 1 1 0 1 1 1
0 1 1 0 1 1 0 1 1
1 1 0 1 1 0 1 0 1

(b)
0 1 1 0
.4 .6 .7 0

tn
tn+dt
tn+2dt

(b)
0 1
.3 .2

(d)
(c)
(e)
1 0 1 1 0 0 1 1 0 1 1 0 1
.2 .5 .5 .2 .6 .8 .6 0 .3 .3 .5 .3 .4

Weight .5 .9 .6 0 0
Pointer a b c d e
(b)
(a)
1 0 1 1 0
Function 1 1 1 0 0
.5 .1 .6 0 .9
Weight .8 .6 .5 0 .1

...
...
1 0
.8 .1

(c)
1 1 0
.7 .4 .2

.......
.......

Reservoir

Readout

Figure 5. Schematic representation of thalamic cognitive contextual computation. (A): In the case of static data,
a set of function/weight modules can yield good classification. Function represents a polynomial (since any system that is
known to be a polynomial Hamiltonians of low order can be accurately approximated by neural networks53 ) and the weights
exemplify the connection matrix of an artificial neural network encapsulating this polynomial. Stacking multiple of such module
can increase the accuracy of polynomial approximation (such as in the case of CNN). (B): Thalamo-cortical computation for
contextual processing of dynamic data. Each dataframe is processed by a weight/pointer module (thalamus MD-like structure)
which like a blackboard is writable by different sets of neuronal assemblies in cortex. Thalamic pointers assign the assemblies;
modules’ weights adjust the influence of each assembly in further computational step [inset C shows a non-recurrent thalamic
nuclei (MD-like) modulating the weights in the PFC (reservoir and readout). Here, depending on the context (blue or red),
the interactions between MD and Reservoir, between Reservoir and Readout, and between Readout and MD could pursue
one of the two possible outcomes. Specifically, MD changes the weights in the Reservoir to differentially set assemblies that
produce two different attractor states, each leading to one of the two possible network outputs]. In (B, C), each operation
of the thalamic module is itself influenced, not only by the current frame (t), but also by the computation carried by cortex
module on the prior frame (t − 1). Cortical module is composed of multiple assemblies where each operate similar to the
function/weight module of the static case. These assemblies are locally recurrent and each cell may be recruited to a different
assembly during each operation. This mechanism could explain why prefrontal cells show mixed selectivity in their responses
to stimuli (as reported in27,83 ). Through this recursive interaction between thalamus and cortex, cognition emerges not as just
a pattern matching computation, but through contextual computation of dynamic data (bottom right schematic drawing).

state, while different inputs map onto different states, 2)
slightly different states should map onto identical targets,

3) only recent past should influence the state and network
is essentially unaware of remote past, 4) a phase-locked
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Biological constrains and the role of thalamus in
computational optimization

Computation and optimization are two sides of the
same coin. But how does the brain optimize the computations that would match its required objective, i.e.
cognitive processing? There is a current trend of thinking
that brain optimizes some arbitrary functions, with the
hopes that the future discovery of these unknown functions may guide us to establish a link between brain’s operations and deep learning58 . This line of approach to optimizational (and computational) operations of the brain

Information

η3

A1

A2

Cost

η4

η2
ζ4

η1
ζ1

B

η3

ζ3

ζ2

η4

η2
η1

ζ1
ζ3

ζ4

ζ2

C
ζ4
ζ3
Cost

loop should decode information that is already encoded
in time and 5) the combination of 1-4, should optimize
sensory processing based on the context. The first three
attributes of such system have close relevance to constrains and computational properties of higher cortical
areas (prefrontal). The same three are also the main features of reservoir computing, namely “separation property”, “approximation property” and “fading memory”.
Reservoir Computing (RC), with Echo State Networks
(ESN)39,40 and Liquid State Machines (LSM)55,56 as two
early variants of what is now unified as RC, have emerged
as powerful RNNs. Although a large enough random
network could essentially represent all combinations of
cortical network84 , the training of such system would be
hard and changing the network from task to task will not
be easily achievable. An advantage of a RC systems is
to “non-linearly” map a lower dimensional system to a
high-dimensional space facilitating classification of the elements of the low-dimensional space. The last two properties match the structure and computational constraints
of non-relay thalamic system as a contextual modulator
that is phasically changing the input to the RC system.
In fact, in an RC model of prefrontal cortex, addition
of a phase neuron significantly improved the networks
performance in complex cognitive tasks. The phase neuron improves the performance by generating input driven
attractor dynamics that best matched the input23 . In
a recent study, electronic implementation and numerical studies of a limited RC system of a single nonlinear node with delayed feedback showed efficient information processing4 . Such reservoir’s transient dynamical response follows delay-dynamical systems, and only a limited set of parameters set the rich dynamical properties
of delay systems38 . This system was able to effectively
process time-dependent signals. The phase neuron23 and
delayed dynamical RC4 both show properties that resemble the thalamic functions as discussed here. The collective system (thalamus and cortex together) is neither
feedforward, nor locally recurrent, but it has a mixture of
non-recurrent phase encoder that keeps copies of the past
processing and modulates the sensory input relay and its
next step processing (Fig. 5). These features emphasize
that the perceptual and cognitive processing can not be
solely cortico-centric operations.

ζ2
ζ1

η1

η2

η3

η4

Information

Figure 6. Dynamic role of thalamo-cortical system in
the information/cost optimization. (A) Iso-maps of information (A1) and cost (A2) in the domain specified by ω
and λ (functions of cortical and thalamic activity). Information across each Iso-quant curve (η1 for example) is constant
and is achieved at a certain mixture of ω and λ. Optimal information can be obtained by moving outward (arrows, A1 ).
Cost optimization can be achieved by moving inward (A2 ).
(B) since information and cost are both defined in the domain
of ω and λ, thalamus and cortex jointly contribute to information and cost optimization. The points where the iso-quant
curves’ tangents are equal (black dashed line), provide the optimal combination of information/cost (green curve). In any
cycle of cognitive operation, depending on the prior state of
the system (ω and λ), the nearest points on the green curve
are the optimal solutions for ending that cycle. (C) mapping of the optima curve to information/cost domain shows
all pareto efficient allocations (cyan curve). The slope of the
parto frontier shows how the system trades cost versus information: along the pareto curve, efficiency is constant but
the exchange between information and cost is not. All allocations inside of this curve could be improved as thalamus
and cortex interact. The grey zone shows the biophysically
not-permissible allocation of computation and resource.

has few flaws. First, it avoids specifying what function
the brain is supposed to optimize (and as a result it remains vague). Second, it refrains from addressing certain
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limitations that brain has to cope with due to biological
constrains. First of these limitations is the importance of
using just enough resources to solve the current perceptual problem. Second is the necessity to come up with
a solution just in (the needed) time. The importance of
“just-enough” and “just-in-time” computation in cortical computation should not be overlooked20 . If the first
condition is not met, the organism can not sustain continued activity since the metabolic demand surpasses the
dedicated energetic expenditure and the animal can not
survive. In fact, the communication in neural networks
are highly constrained by number of factors, specifically
the energetic demands of the network operations51 . From
estimates of the cost of cortical computation52 , we know
that the high cost of spiking forces the brain to rely on
sparse communication and using only a small fraction of
the available neurons5,94 . While, theoretically, cortex can
dedicate a large number of neurons (and very high dynamical space) to solve any cognitive task, metabolic demand of such high-energetic neural activity renders such
mechanism highly inefficient. As a result, the “law of diminishing returns” dictates that increased energetic cost
causing excessive pooling of active neurons to an assembly would be penalized73 . The penalization for unnecessary high-energetic neural activity, in itself, should be
driven by the nature of computation rather than being
formulated as a fixed arbitrary threshold imposed by an
external observer. On the other hand, a system can resort to low-cost computation at any given time but dedicate long enough time to solve the task on hand. Naturally, such system would not be very relevant to the
biological systems since time is of essence. If an animal
dedicates a long instance of its computational capacity
to solve a problem, the environment has changed before
it reaches a solution and the solution becomes obsolete.
A deer would never have an advantage for its brain to
have fully analyzed the visual scene instead of spotting
the approaching wolf and shifting resources to the mostneeded task, i.e. escape. As a result, many of the optimization techniques and concepts that may be relevant
to artificial neural networks are irrelevant to embodied
computational cognition of the brain. The optimization
that the brain requires is not aiming for the best possible
performance, but rather needs to reach a good mixture
of economy and efficiency.
Not surprisingly, these constrains, i.e. efficiency and
economy, are cornerstones of homeostasis and are observed across many scales in living systems101 . The
simple “Integral feedback” acts as the mainstay of control feedback in such homeostatic systems (such as E
Coli heat-shock or DNA repair after exposure to gamma
radiation)18,21,22,48 . Change in input leads to change in
the output and the proportional change in the controller
aiming to reset the output to the desired regime. The
constrains that we discussed above, remind us of a similar scenario. Instead of just trying to deal with one fitness function at a time (where the minima of the landscape would be deemed as “the” optima), the brain has to

perform a multi-objective optimization, finding solutions
to both metabolic cost (economy) and just-in-time (efficiency) computation. Thus we can infer that a unique
solution does not exist for such a problem. Rather,
any optimization for computational efficiency will cost
us economy and any optimization for economy will cost
us efficiency. In such case, a multi-objective optimization
pareto frontier is desirable. Pareto frontier of information/cost will be the set of solutions where any other
point in the space is objectively worse for both of the
objectives28,49,101 . As a result, the optimization mechanism should push the system to this frontier. The iterative dynamical interaction between thalamus and cortex
seems to provide an elegant solution for this problem.
We discuss this in more details below.
Consider a set of functions, ω and λ of fT h (firing rate
of thalamic cell) and fCx (firing rate of cortical cells).
Uncertainty (or its opposite, information) and computational cost (a mixture of time and metabolic expense) can
both be mapped to this functional space of ω (fT h , fCx )
and λ (fT h , fCx ) (Fig. 6A1,2). Let’s define computational
cost and information as product and linear sum of cordn
dn
n
, θ fdTt h + ψ fdCx
tical and thalamic activity ( αfTnh .βfCx
;
t
with α, β, θ, ψ as coefficients) to reflect the logarithmic
nature of information (entropy) and the fact that biological cost is an accelerating function of the cost-inducing
variables18 . The hypothetical space of cost/information
is depicted in Fig. 6, where top panels show indifference
maps of information (A1) and cost (A2). The example
simulations and parametric plots of the cost and information functions defined as above are shown in Fig. 7.
In each indifference map, along each iso-quant curve,
the total functional attribute is the same. For example,
anywhere on the η1 curve, the uncertainty (or information) in our computational engine is the same. However, different iso-quant curves represent different levels of the functional attribute. For example, moving
outward increases information (reduces uncertainty) as
η1 < η2 < η3 < η4 and thus if computational cost was
not a constrain, the optimal solution would have existed
on η4 or further away (Fig.6 A1). In contrast, moving
inward would preserve the cost (ζ1 < ζ2 < ζ3 < ζ4 )
if the computational engine did not have the objective
of reducing uncertainty (Fig. 6A2). Since information
and cost are interdependent and both depend on the interaction between thalamus and cortex, we suggest that
information/cost optimization happens through an iterative interaction between thalamus and cortex (note
the blackboard analogy and contextual modulation discussed above). Since we defined both information and
cost as a set of iso-quant curves in the functional space of
ω (fT h , fCx ) and λ (fT h , fCx ), they can be co-represented
in the same space (Fig. 6B). Optimal solutions for information/cost optimizations are simply the solutions to
where the tangents of the iso-quant curves are equal (see
the tangents [black dashed lines] and points A, B, C and
D, in Fig. 6B). These points create a set of optimal solutions for the tradeoff between information and cost (green
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curve). Mapping of the optimal solutions to the computational efficiency space E, gives us the pareto efficient
curve (cyan curve, Fig. 6C). Anywhere inside the curve
is not pareto efficient (i.e. information gain and computational cost can change in such a way that, collectively, the system can be in a better state (on the pareto
curve). Points outside of the pareto efficient curve are
not available to the current state of the system due to
the coefficients of ω and λ. A change in these coefficients
can potentially shape a different co-representation of information and cost (see Fig 7, top row for 3 different
instances of ω and λ based on different α, β, θ, ψ values), and thus a different pareto efficient curve (see Fig 7,
bottom row). These different possible pareto frontiers
can be set based on the prior state of the system and
the complexity of the computational problem on hand.
Nonetheless, the computational efficiency of the system
can not be infinitely pushed outward because of the system’s intrinsic biophysical constrains (neurons and their
wiring). The shaded region in Fig 7, bottom row, shows
this non-permissible zone.
In the defined computational efficiency space E, composed of the two variables information and cost (as the
objective functions, shown in bottom panels of Fig. 6 and
Fig. 7), solving a computational problem is represented
by a decrease in uncertainty. However, any change in
uncertainty has an associated cost. First derivative of
the pareto frontier shows “marginal rate of substitution”
∆
o
as ∆inf
. This ratio varies among different points on
cost
the pareto efficient curve. If we take two points on the
pareto curve in the computational efficiency space, such
as A and C for example, computational efficiency of these
two points are equal EA(η1 ,λ4 ) = EC(η3 ,λ2 ) . The change
in efficiency of point A with respect to information and
∂EA
∂EA
cost, are the partial derivatives ∂inf
o and ∂ cos t , respec∂EA
A
tively. As a result, ∂∂E
inf o dinf o + ∂ cos t dcos t = 0, meaning
that there is constant efficiency along the pareto curve,
the tradeoff between information and cost is not constant. The optimization in this space is not based on
some fixed built-in algorithm or arbitrary thresholds by
an external observer. Rather, information/cost optimization is the result of back and forth interaction between
thalamus and cortex. Based on the computational perspective that we have portrayed, thalamus seems to be
poised to operate as an optimizer. Thalamus receives a
copy of (sensory) input while relaying it, and receives an
efferent copy from the processor (cortex), while trying to
efficiently bind the information from past and present
and sending it back to cortex. The outcome of such
emergent optimization, is a pareto front in the economyefficiency landscape (Fig. 6,7). If the cortex were to be
the sole conductor of cognitive processing, the dynamics
of the relay and cortical processing would meander in the
parameter space and not yielding any optimization that
can provide a feasible solution to economic and just-intime computation. Such system is doomed to fail, either
due to metabolic costs or due to computational freeze
over time ; thus more or less be a useless cognitive en-

gine. In contrast, with the help of an optimizer that
acts as a contextual modulator, the acceptable parameters will be confined to a manifold within the parameter
space. Such regime would be a sustainable and favorable
domain for cognitive computing. This property shows
another important facet of a thalamo-cortical computational cognitive system and the need to move passed the
cortico-centric view of cognition.

Figure 7.
Dynamic parameter space of thalamocortical joint optimization of information/cost. Three
different realization of information/cost interaction as a function of thalamic and cortical activity (ω, λ) and the corresponding pareto curves (see Fig. 6 for details of this optimization construct). Pareto curve shows the optimal set of
both cost and information that can be obtained given the biophysical constrains of neurons and networks connecting them.
Every point on the pareto frontier shows technically efficient
levels for a given parameter set of ω, λ (see text for more details). All the points inside the curve are feasible but are not
maximally efficient. The slope (marginal rate of transformation between cost and information) shows how in order to
increase information, cost has to change. The dynamic nature of interaction between thalamus and cortex enables an
emergent optimization of information/cost depending on the
computational problem on hand and the prior state of the
system.

Concluding remarks: Reframing Thalamic function above
and beyond information relay

Lately, new evidence about the possible role of thalamus has started to challenged the cortico-centric view
of perception/cognition. Anatomical studies and physiological measurements have begun to unravel the importance of the Cortico-Thalamo-Cortical loops in cognitive
processes6,77 . Under this emerging paradigm, thalamus
plays two distinctive roles: a) information relay, b) modulation of cortical function93 , where the neocortex does
not work in isolation but is largely dependent on tha-
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lamus. In contrast to cortical networks which operate
as specialized memory devices via their local recurrent
excitatory connections, the thalamus is devoid of local
connections, and is instead optimized for capturing state
information that is distributed across multiple cortical
nodes while animals are engaged in context-dependent

task switching88 . This allows the thalamus to explicitly represent task context (corresponding to different
combinations of cortical states), and through its unique
projection patterns to the cortex, different thalamic inputs modify the effective connections between cortical
neurons9,88 .

Figure 8. The emergent view of thalamic role in cognition. (Top) In the traditional view, serial processing of information
confines the role of thalamus to only a relay station. (Bottom) the view that is discussed in this manuscript considers thalamus
as a key player in cognition, above and beyond relay to sensory cortices. Through combining the efferent readout from cortex
with sensory afferent, MD-like thalamic nuclei modulate further activity of the higher cortex. The contextual modulation
enabled by MD is composed of distinctively parallel operations (individual circles represent the non-recurrent nature of these
processes due to lack of local excitatory connections). Under this view, and the computational operatives discussed here, the
thalamo-cortical system (and not just cortex) is in charge of contextual cognitive computing. The computation enabled by
Pulvinar/PO like nuclei is different from LGN and also from MD-like nuclei.

Here, we started with a brief overview of the architecture of thalamus, the back and forth communication between thalamus and cortex, then we provided the electrophysiological evidence of thalamic modulatory function,
and concluded with a computational frame that encapsulates the architectural and functional attributes of the
thalamic role in cognition. In such frame, the computational efficiency of the cognitive computing machinery is
achieved through iterative interactions between thalamus
and cortex embedded in the hierarchical organization
(Fig. 4, 5). Under this emergent view, thalamus serves
not only as relay, but also as a read/write medium for
cortical processing , playing a crucial role in contextual

modulation of cognition (Fig. 8). Such multiscale organization of computational processes is a necessary requirement for design of the intelligent systems16,95,96 . Distributed computing in biological systems in most cases
operates without central control70 . This is well reflected
in the computational perspective that we discussed here.
We suggest that through the continuous contextual modulation of cortical activity, thalamus (along with cortex)
plays a significant role in emergent optimization of computational efficiency and computational cost. This phenomenon has a deep relation with phase transitions in
complex networks. Different states (phases) of the network are associated with the connectivity of the com-
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puting elements (see thalamic weight/pointer and cortical function/weight modules in Fig. 5). Interestingly,
intrinsic properties of the complex networks do not define the phase transitions in system. Rather, the interplay of the system with its external environment shapes
the landscape where phase transitions occur91 . This parallel in well-studied physical systems and neuronal networks of thalamo-cortical system show the importance of
the interplay between thalamus and cortex in cognitive
computation and optimization. The proposed frame for
contextual cognitive computation and the emergent information/cost optimization in thalamo-cortical system
can guide us in designing novel AI architecture.
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