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Past, Present, (and Future?)

NeuroAI



What is neuroAI?

NeuroAI is defined by two research directions: 

a) building more effective AI systems by drawing insights from brains and their circuits 

b) applying AI models to understand how brain circuits function to drive perception and behavior 

Richard Feynman: “That which I cannot create, I do not understand”.



The origins of AI

• The first paper on neural networks by McCulloch and Pitts (1943) opens with the statement: 
 
“Because of the “all-or-none” character of nervous activity, neural events and the relations 
among them can be treated by means of propositional logic.”

Figure from McCulloch and Pitts showing how neuronal organization might reflect aspects of Boolean logic.



The origins of AI

• John von Neumann’s report on the first computer architecture (EDVAC) in 1945, dedicated an entire 
chapter discussing whether the proposed system was sufficiently brain-like. 

“the neurons of the higher animals... have all-or-none character, that is two states: Quiescent and excited... Following W. 
S. McCulloch and W. Pitts we ignore the more complicated aspects of neuron functioning: Thresholds, temporal 
summation, relative inhibition, changes of the threshold by after-effects of stimulation beyond the synaptic delay, etc. 

Since these tube arrangements are to handle numbers by means of their digits, it is natural to use a system of 
arithmetic in which the digits are also two valued. This suggests the use of the binary system. The analogs of human 
neurons are equally all-or-none elements. It will appear that they are quite useful for all preliminary, orienting, 
considerations of vacuum tube systems.” 

• Von Neumann was justifying his choices about how to develop the structure and function of a 
computer by referring to a biological model.  

• At the moment of its birth, von Neumann's computer was seen as a brain!

https://doi.org/10.1109/85.238389


The origins of AI

• Frank Rosenblatt’s perceptron in 1958, established synaptic connections as the primary 
way of learning in artificial neural networks.  

An article was published in The New York Times in 1958 under the headline: 
 “Electronic ‘Brain’ Teaches Itself” 

• Rosenblatt was just as interested in developing a new technology (the perceptron) as he was 
in finding a theoretical explanation of brain function.

https://www.nytimes.com/1958/07/13/archives/electronic-brain-teaches-itself.html


Synapses

• The human brain contains about 86 billion neurons. 

• Synapses are the junctions between neurons—the points where nerve cells communicate with one another. 
There are roughly 100 trillion synapses in the brain. 

• Neuroplasticity is the brain’s ability to reorganize itself and change its connections and structure in response to 
experience, learning, or injury. 

• This happens in several ways: 

-Synapses become more or less excitable, meaning they are more or less likely to pass a signal from one 
neuron to another. 

-Neurons form new synapses, while others are eliminated. 

-New dendrites grow, or existing ones shrink 

• ·The neuroscience-inspired idea that synapses are the plastic elements, or free parameters, of a neural network 
has remained central to modern AI.
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between a few interconnected nerve cells produces a 
simple behavior, the knee-jerk reflex. Finally, we con-
sider how changes in signaling by  specific cells can 
modify behavior.

The Nervous System Has Two Classes of Cells

There are two main classes of cells in the nervous  
system: nerve cells, or neurons, and glial cells, or glia.

Nerve Cells Are the Signaling Units of the  
Nervous System

A typical neuron has four morphologically defined 
regions: (1) the cell body, (2) dendrites, (3) axon, and 
(4) presynaptic terminals (Figure 2–1). As we shall see 
later, each region has a distinct role in generating sig-
nals and communicating with other nerve cells.

The cell body or soma is the metabolic center of the 
cell. It contains the nucleus, which contains the genes 
of the cell, and the endoplasmic reticulum, an exten-
sion of the nucleus where the cell’s proteins are syn-
thesized. The cell body usually gives rise to two kinds 
of processes: several short dendrites and one long, tubu-
lar axon. Dendrites branch out in tree-like fashion and 
are the main apparatus for receiving incoming signals 
from other nerve cells. The axon typically extends 
some distance from the cell body and carries signals 
to other neurons. An axon can convey electrical signals 
over distances ranging from 0.1 mm to 2 m. These elec-
trical signals, called action potentials, are initiated at a 
specialized trigger region near the origin of the axon 
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Figure 2–1 The structure of a neuron. Most neurons in 
the vertebrate nervous system have several main features in 
common. The cell body contains the nucleus, the storehouse 
of genetic information, and gives rise to two types of cell 
processes: axons and dendrites. Axons are the transmitting 
element of neurons; they vary greatly in length, some extend-
ing more than 2 m within the body. Most axons in the central 
nervous system are very thin (between 0.2 µm and 20 µm in 
diameter) compared with the diameter of the cell body (50 µm 
or more). Many axons are insulated by a sheath of fatty myelin 
that is regularly interrupted at gaps called the nodes of Ranvier. 
The action potential, the cell’s conducting signal, is initiated at  
the initial segment of the axon and propagates to the synapse, 
the site at which signals flow from one neuron to another. 
Branches of the axon of the presynaptic neuron transmit signals 
to the postsynaptic cell. The branches of a single axon may form 
synapses with as many as 1,000 postsynaptic neurons. The api-
cal and basal dendrites together with the cell body are the input 
elements of the neuron, receiving signals from other neurons.



The receptive field

• In the visual system, a neuron's receptive field is the specific part of the visual field where 
visual stimulation influences the neuron's activity. 

• In other words, the receptive field is the part of the visual scene that a neuron “sees”.



Area V1

• Area V1 is located in the occipital lobe, at the back of the head.  

• It is the largest of the visual areas. 

• Neuronal selectivity means that a 
neuron is more responsive to one kind of 
input than to others. It is like a specialist 
cell: one neuron may respond strongly to 
a certain shape, direction of motion, 
face, or other feature, while ignoring 
most others.



Orientation selectivity in V1

• Hubel and Wiesel discovered that the critical stimulus for V1 cells is 
elongated lines.

• Moreover, V1 cells responded to lines of particular orientation 
(e.g., one cell might respond best to horizontal lines, whereas 
another cell might prefer vertical lines).  

• This specialization of V1 neurons to respond to specific 
orientations of edges or lines within their receptive fields is called 
orientation selectivity.
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Figure 27–3 Orientation selectivity and mechanisms.
A. A neuron in the primary visual cortex responds selectively to 
line segments that fit the orientation of its receptive field. This 
selectivity is the first step in the brain’s analysis of an object’s 
form. (Reproduced, with permission, from Hubel and Wiesel 
1968.)

B. The orientation of the receptive field is thought to result from 
the alignment of the circular center-surround receptive fields of 
several presynaptic cells in the lateral geniculate nucleus. In the 
monkey, neurons in layer IVCβ of V1 have unoriented receptive 
fields. However, the projections of neighboring IVCβ cells onto 
a neuron in layer IIIB create a receptive field with a specific 
orientation.
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Figure 27–4 Simple and complex cells in the visual cortex. The 
receptive fields of simple cells are divided into subfields with opposite 
response properties. In an ON subfield, designated by “+,” the onset of 
a light triggers a response in the neuron; in an OFF subfield, indicated 
by “−,” the extinction of a bar of light triggers a response. Complex cells 
have overlapping ON and OFF regions and respond continuously as a line 
or edge traverses the receptive field along an axis perpendicular to the 
receptive-field orientation.

Hubel and Wiesel (Nobel Prize 1981) 



• An image after being filtered by receptive fields similar to those in V1.

• Note that each neuron signals only the contours at its preferred orientation.  

• Orientation selectivity is crucial for detecting edges and contours in a visual scene. V1 neurons 
help to define the shapes and boundaries of objects, contributing to our perception of form.



Herzog & Clarke, Front Comput Neurosc., 2014

The visual hierarchy

• As you move up the visual hierarchy, neurons gradually have larger receptive fields and respond 
to more complex stimuli.



Convolutional Neural Networks
Example: Hierarchical Convolutional Neural Networks (HCNNs)

Figure modified from Yamins & DiCarlo 2016, Neture Neurosci.

Yamins & DiCarlo, Nat Neurosci, 2016

• The activity of artificial neurons in intermediate layers can be used to predict the firing patterns 
of biological neurons in the primate ventral visual stream.  

• Because these models predict neural responses so well, they serve as excellent in silico models of 
the brain.



Reinforcement learning
• Temporal-difference (TD) methods were inspired by research into animal behavior in conditioning 

experiments. 

• Second-Order Conditioning explains how value "travels backward" through time. An animal learns to 
value a Light that predicts a Bell, even if the light is never paired with Food. 

• In TD learning, the Bell becomes a reward in itself because it predicts future food. This allows both 
animals and AI to master long, complex sequences of behavior (Sutton and Barto, 1981). 

• This allowed for the development of "brain-like" agents that can learn from sparse rewards. Agents do 
not have to wait until the end of a task to learn; they update their guess based on the very next step. 

• The brain’s dopamine system is modeled as a biological TD Error signal. It calculates the difference 
between expected and actual rewards.

https://www.cell.com/neuron/fulltext/S0896-6273(20)30468-2?_returnURL=https://linkinghub.elsevier.com/retrieve/pii/S0896627320304682?showall=true


The present

• Although some of the major advances that gave rise to modern ANNs were inspired by 
neuroscience, the fields have gradually drifted apart. 

• Current state of the art architectures, like Transformers, do not resemble biological neurons 
or known brain structures. 

• Biological plausibility is not necessary to give you results. Maybe, massive data and compute 
is all you need. 

• The direction has shifted: although historically neuroscience shaped AI, it is now 
neuroscientists who use ANN models to help them understand the brain.



The case of DeepMind
• Hassabis and Legg met at the Gatsby Computational Neuroscience Unit at UCL. The original spirit was that if we want 

to build Artificial General Intelligence (AGI), we should look at the only proof of concept we have: the human brain. 

• DeepMind’s early fame came from Reinforcement Learning. This was inspired by how the brain’s reward system 
(dopamine) works. 

• In the brain, the hippocampus replays events during sleep to consolidate memories. DeepMind applied this to their 
deep-Q network (DQN), an algorithm that learnt to master a range of Atari 2600 games.  DQN mimics “experience 
replay”, by storing a subset of training data that it reviews “offline”, allowing it to learn from successes or failures that 
occurred in the past.

Neuron
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The fields of neuroscience and artificial intelligence (AI) have a long and intertwined history. In more recent
times, however, communication and collaboration between the two fields has become less commonplace.
In this article, we argue that better understanding biological brains could play a vital role in building intelligent
machines. We survey historical interactions between the AI and neuroscience fields and emphasize current
advances in AI that have been inspired by the study of neural computation in humans and other animals. We
conclude by highlighting shared themes that may be key for advancing future research in both fields.

In recent years, rapid progress has been made in the related
fields of neuroscience and artificial intelligence (AI). At the
dawn of the computer age, work on AI was inextricably inter-
twined with neuroscience and psychology, andmany of the early
pioneers straddled both fields, with collaborations between
these disciplines proving highly productive (Churchland and
Sejnowski, 1988; Hebb, 1949; Hinton et al., 1986; Hopfield,
1982; McCulloch and Pitts, 1943; Turing, 1950). However,
more recently, the interaction has become much less common-
place, as both subjects have grown enormously in complexity
and disciplinary boundaries have solidified. In this review, we
argue for the critical and ongoing importance of neuroscience
in generating ideas that will accelerate and guide AI research
(see Hassabis commentary in Brooks et al., 2012).
We begin with the premise that building human-level general

AI (or ‘‘Turing-powerful’’ intelligent systems; Turing, 1936) is a
daunting task, because the search space of possible solutions
is vast and likely only very sparsely populated. We argue that
this therefore underscores the utility of scrutinizing the inner
workings of the human brain— the only existing proof that
such an intelligence is even possible. Studying animal cognition
and its neural implementation also has a vital role to play, as it
can provide a window into various important aspects of higher-
level general intelligence.
The benefits to developing AI of closely examining biological

intelligence are two-fold. First, neuroscience provides a rich
source of inspiration for new types of algorithms and architec-
tures, independent of and complementary to the mathematical
and logic-based methods and ideas that have largely dominated
traditional approaches to AI. For example, were a new facet of
biological computation found to be critical to supporting a cogni-
tive function, then we would consider it an excellent candidate
for incorporation into artificial systems. Second, neuroscience
can provide validation of AI techniques that already exist. If a
known algorithm is subsequently found to be implemented in
the brain, then that is strong support for its plausibility as an in-
tegral component of an overall general intelligence system.
Such clues can be critical to a long-term research program
when determining where to allocate resources most produc-

tively. For example, if an algorithm is not quite attaining the level
of performance required or expected, but we observe it is core to
the functioning of the brain, then we can surmise that redoubled
engineering efforts geared to making it work in artificial systems
are likely to pay off.
Of course from a practical standpoint of building an AI

system, we need not slavishly enforce adherence to biological
plausibility. From an engineering perspective, what works is
ultimately all that matters. For our purposes then, biological
plausibility is a guide, not a strict requirement. What we are
interested in is a systems neuroscience-level understanding
of the brain, namely the algorithms, architectures, functions,
and representations it utilizes. This roughly corresponds to
the top two levels of the three levels of analysis that Marr
famously stated are required to understand any complex bio-
logical system (Marr and Poggio, 1976): the goals of the sys-
tem (the computational level) and the process and computa-
tions that realize this goal (the algorithmic level). The precise
mechanisms by which this is physically realized in a biological
substrate are less relevant here (the implementation level).
Note this is where our approach to neuroscience-inspired AI
differs from other initiatives, such as the Blue Brain Project
(Markram, 2006) or the field of neuromorphic computing sys-
tems (Esser et al., 2016), which attempt to closely mimic or
directly reverse engineer the specifics of neural circuits (albeit
with different goals in mind). By focusing on the computational
and algorithmic levels, we gain transferrable insights into gen-
eral mechanisms of brain function, while leaving room to
accommodate the distinctive opportunities and challenges
that arise when building intelligent machines in silico.
The following sections unpack these points by considering the

past, present, and future of the AI-neuroscience interface.
Before beginning, we offer a clarification. Throughout this article,
we employ the terms ‘‘neuroscience’’ and ‘‘AI.’’ We use these
terms in the widest possible sense. When we say neuroscience,
we mean to include all fields that are involved with the study of
the brain, the behaviors that it generates, and the mechanisms
by which it does so, including cognitive neuroscience, systems
neuroscience and psychology. When we say AI, we mean work

Neuron 95, July 19, 2017 ª 2017 Published by Elsevier Inc. 245

• In the early days, DeepMind had a more distinct 
Neuroscience Team that operated somewhat 
independently. Following the 2023 merger with 
Google, this work was integrated into the broader 
Science and Research divisions and the company 
shifted towards commercial AI applications. 

• Although their priorities have shifted, they still 
produce relevant work.

https://kevinjmiller.org/neuroscience-at-google-deepmind/
https://kevinjmiller.org/neuroscience-at-google-deepmind/


Biological neurons are complex

• The basic unit of ANNs is an oversimplification. 

• Biological cells are not simple "sum-and-threshold" units. 
They act as sophisticated nonlinear processors where the 
dendritic tree performs complex computations on inputs 
before a signal ever reaches the soma. 

• Incorporating the nonlinear dynamics of NMDA receptors 
(which allow for dendritic spikes) dramatically increases 
computational power. 

• A single biological cortical neuron is best approximated 
by a deep neural network with 5 to 8 layers.

Beniaguev et al., Neuron, 2021



Non-invasive methods to study brain activity  

• Electroencephalography (EEG) is one of the oldest and most widely used 
methods for the investigation of electrical activity in the brain using electrodes 
placed on the scalp (non-invasive).  

• Under most conditions, it has little relationship with the firing patterns of 
individual neurons; this is due to the distorting and attenuating effects of the 
tissues between the current source and the recording electrode. 

• Other non-invasive methods such as magnetoencephalography (MEG) or 
functional MRI (fMRI) also suffer from limitations, including poor spatial and/or 
temporal resolution.



Extracellular recordings in behaving NHPs 
• Monkeys are trained to perform cognitively demanding tasks. 

• We conduct invasive extracellular recordings using multi-electrode arrays inserted into the brain. 

• We extract single-neuron spiking activity and local field potentials (LFPs).



Sapountzis et al., PLOS Biology , 2025



distractor. This difference in the latencies between the 2 areas was not significant (LIP: 125 ms,
FEF: 85 ms, p = 0.3, permutation test).

Our findings demonstrate that different neuronal subpopulations manifest unique selectiv-
ity profiles that are not discernible in the average response of the entire population. These tem-
poral selectivity profiles range from a late suppression of salient distractors (cluster 1) to an
initial enhancement followed by a suppression (cluster 2), and an enhancement of salient dis-
tractors (cluster 3). In the case of singleton suppression, effects emerged earlier in the FEF,

Fig 4. Distinct subpopulations with unique selectivity profiles. Responses in singleton present and singleton absent displays (example displays shown on top
left) were contrasted. (A) Selectivity t-values across time for singleton vs. non-singleton distractors, clustered using the PhenoGraph algorithm in FEF (left) and
LIP (right). Clusters are indicated by the color bars along the y-axis. Each row illustrates selectivity t-values of one unit sorted, within each cluster, by the time
they first became significant. (B) The 3 clusters identified by the PhenoGraph algorithm in each region. Box colors correspond to those shown along the y-axis
in panel A. Top panels show average normalized firing rates in singleton (green) and non-singleton (magenta) in the RF trials. To facilitate comparison, the
average baseline activity was subtracted from each condition. All other conventions are as in Fig 2A. Bottom row panels show the difference in activity elicited
by the singleton and non-singleton distractor in the RF over time. Error bars represent ±SEM. Arrows indicate the latency of significant singleton enhancement
or suppression, defined as the first of 5 consecutive 5 ms significant bins. Significance in each time bin was determined by means of a one-sample t test with
Bonferroni correction (p< 0.05). Source data are available at https://zenodo.org/records/14577061. FEF, frontal eye field; LIP, lateral intraparietal; RF,
receptive field.

https://doi.org/10.1371/journal.pbio.3003008.g004

PLOS BIOLOGY Distractor control in prefrontal and parietal cortices

PLOS Biology | https://doi.org/10.1371/journal.pbio.3003008 January 27, 2025 9 / 28
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they first became significant. (B) The 3 clusters identified by the PhenoGraph algorithm in each region. Box colors correspond to those shown along the y-axis
in panel A. Top panels show average normalized firing rates in singleton (green) and non-singleton (magenta) in the RF trials. To facilitate comparison, the
average baseline activity was subtracted from each condition. All other conventions are as in Fig 2A. Bottom row panels show the difference in activity elicited
by the singleton and non-singleton distractor in the RF over time. Error bars represent ±SEM. Arrows indicate the latency of significant singleton enhancement
or suppression, defined as the first of 5 consecutive 5 ms significant bins. Significance in each time bin was determined by means of a one-sample t test with
Bonferroni correction (p< 0.05). Source data are available at https://zenodo.org/records/14577061. FEF, frontal eye field; LIP, lateral intraparietal; RF,
receptive field.

https://doi.org/10.1371/journal.pbio.3003008.g004
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Population representations of target and salient distractor

more than 80% of the variance related to the location of target and salient distractor, respec-
tively (FEF: Fig 7A, Orth-Target 83%, Orth-Singleton 84%; LIP: Fig 7B, Orth-Target 90%,
Orth-Singleton 89%). Interestingly, however, we found substantial cross-projected variance.
In FEF, the variance of target location related activity projected on Orth-Singleton was 18%
(12% in LIP), and the variance of singleton location related activity projected on Orth-Target
was 17% (13% in LIP). To test whether the cross-projected variance was task-relevant or sim-
ply reflected noise, we decoded the target and singleton location from the activity projected
onto the subspaces. Decoding of projected activity on same context subspaces (target on Orth-
Target or salient on Orth-Singleton) reached accuracies higher than 90% (Fig 7C and 7D, solid
lines). More importantly, decoding of cross-projected activity was significantly above chance
(Fig 7C and 7D, dashed lines), suggesting a lack of orthogonality. Notably, cross-projected var-
iance and decoding performance were lower in LIP than in FEF, suggesting more independent
representations in LIP.

Since target and singleton representations are not orthogonal, they must occupy a shared
subspace. To identify such a subspace, we first applied manifold optimization to identify 2

Fig 7. Relationship of target and singleton distractor representations based on neural subspace analysis. Responses were calculated in singleton present
displays (example shown on top left). (A) Variance captured by projecting target and singleton FEF activity on the Orth-Target and Orth-Singleton subspaces.
(B) Same for LIP. (C) Decoding accuracy for target/singleton distractor location using projected target (magenta) and singleton (green) FEF activity on same
context (solid lines) and different context subspaces (dashed lines). The horizontal dashed line indicates chance level (20%). Lines at the top of the graph
indicate periods of significant decoding accuracy relative to chance for each line (cluster-based permutation test, α = 0.05). (D) Same for LIP. (E) Decoding
accuracy for target/singleton location using target (solid lines) and singleton (dashed lines) activity projected onto the shared subspace in FEF (blue) and LIP
(gray). Horizontal lines at the top show time periods with significant differences between the 2 areas (cluster-based permutation test, α = 0.05). Lines at the
bottom of the graph indicate periods of significant decoding accuracy relative to chance for each line (cluster-based permutation test, α = 0.05). (F)
Contribution to the shared subspace of FEF units with different selectivities. Violin plots show the distribution of weights contributing to the shared subspace
separately for each category. Crosses represent the mean of each distribution and boxes the median. Source data are available at https://zenodo.org/records/
14577061. FEF, frontal eye field; LIP, lateral intraparietal.

https://doi.org/10.1371/journal.pbio.3003008.g007
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Scenario 1: She knows about the 
topics and questions in advance, 
so she has time to prepare.

Scenario 2: Questions are not 
known. She must apply her 
expertise to address each 
question on the spot.



area? These are fundamental aspects of the neural code. Although
some studies have explored the stationarity of the neural code in
different areas and paradigms (12, 17, 19–21), a direct compari-
son of how different behaviorally relevant attributes are encoded
in the same and different PFC areas is missing.
To answer some of these questions, we tested how popula-

tion activity patterns in two distinct PFC regions, the frontal
eye field (FEF) and the ventrolateral PFC (vlPFC) anterior to
the FEF, encode different attentional instructions. Both FEF
and vlPFC are critical for the control of spatial and feature
attention, respectively (22–25). Our main goal was to examine
whether spatial and color attentional instructions are encoded
in a stationary or dynamic manner by PFC ensembles across
two task epochs with distinct requirements, a sensory presenta-
tion period and a memory period. Moreover, we aimed to com-
pare the neural code for the different attributes across the two
PFC areas in order to assess whether the code for a given attri-
bute depends on the anatomical area. To this end, we recorded
simultaneously from the FEF and vlPFC, as well as from visual
area V4, in a cued attention task with either a spatial or a color
cue. We employed decoding approaches from spiking and LFP
signals. Our results show anatomical specificity in the neural
code. Spatial information was decoded from both FEF and
vlPFC but with higher accuracy from the FEF population,
whereas color information was decoded more robustly from
vlPFC during the cue and delay periods. More importantly,
decoding color and spatial information from a high-dimensional
vlPFC activity state space indicated that the population code for
the color instruction changed during the delay period in vlPFC,
whereas the code for location was relatively stable. Despite the
dynamic encoding of the color instruction in vlPFC, we found a
low-dimensional shared subspace where the code for color was
stable across the two epochs. These results show that vlPFC main-
tains behaviorally relevant time-invariant information despite dif-
ferences in the code between the cue presentation and memory

periods. Furthermore, encoding of stimuli features was dramati-
cally influenced by spatial attention in vlPFC where only features
of attended stimuli were encoded, in contrast to V4, where
stimuli features were encoded irrespective of attention. Alto-
gether, these results shed light into the functional anatomy of
visual processing and working memory in the prefrontal and
visual cortices and highlight how the neural code for attentional
instructions is influenced by anatomy, functional selectivity and
task demands.

Results

We trained two monkeys in a cued covert attention task (Fig. 1A).
Briefly, following initial fixation, in some trials, a spatial or a
color cue appeared at the center of the screen (spatial or color
pre-cueing). The spatial cue instructed the location of the future
target (lower left/right, upper left/right) and the color cue instructed
the color of the future target (red, blue or green). Animals had
to maintain central fixation and memorize the spatial or color
cue during the subsequent delay period. Subsequently, four sinu-
soidal colored gratings of different orientations were presented at
equal distances from the center of the monitor. Monkeys were
required to report the target’s orientation using a lever that could
be moved to three positions while maintaining central fixation.
In other trials, following the initial fixation, the four stimuli
array appeared on the screen before any instruction on where to
attend (spatial postarray-cueing). Subsequently, the spatial cue
appeared at the center of the screen indicating the location of
the target. Monkeys had to report the orientation of the target as
in the pre-cueing trials. Both monkeys performed very well, with
accuracies above 85% (pre-cueing trials: monkey PT 90%, mon-
key DL 88%; postarray-cueing trials: monkey PT 96%, monkey
DL 91%).

We recorded multiunit activity from the right vlPFC, FEF, and
visual area V4 simultaneously, in the two monkeys (Fig. 1B).

Spatial pre-cueing

Color pre-cueing

Spatial postarray-cueing

Fixation
300-500ms

Cue
900ms

Delay
500-800ms

Array onset
Response

Array onset
600ms

Cue onset
Response

A B

Fixation
300-500ms

Fig. 1. (A) Behavioral task. Three different types of trials were used. Monkeys were required to fixate a central fixation spot. In the spatial and color pre-cueing tri-
als (upper two rows), the fixation spot was subsequently replaced by the spatial or color cue. Following a delay period during which the monkeys had to memorize
the cue instruction (location or color of future target), an array of four gratings appeared on the screen. The monkeys had to shift attention to the target stimulus
covertly and respond about the orientation of the grating using a lever. In some trials, the array appeared first followed by the spatial cue (spatial postarray-
cueing, third row). (B) Recording locations shown on the surface of the frontal lobe of monkey PT (Upper) and monkey DL (Lower). Red circles indicate penetrations
in the FEF and blue circles penetrations in vlPFC. Brains reconstructions were done using the Caret software package (SI Appendix, Supporting Methods).
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Working memory task



Static and dynamic population coding in PFC

permutation test, SI Appendix, Fig. S4A). A similar analysis car-
ried out for V4 showed that although V4 receptive fields (RFs)
were centered in the lower left quadrant and did not include
the fovea where the cue was presented, color information could
be decoded from V4 firing rates with accuracies significantly
above chance, whereas spatial information could not (SI Appendix,
Supporting Results).
Given that the percentage of FEF neurons responding to

color is significantly greater than what is expected by chance
(binomial test, P < 0.001) and that it is not significantly differ-
ent from that in vlPFC (χ2 test, P = 0.19), it is odd that robust
decoding of color information is not possible from the FEF
population. Results of additional analyses show that a small
percentage of color selective neurons in FEF with relatively
sustained selectivity (9/86 units) carry as a group some color
information in the delay period, however, the overall low and
transient selectivity across all FEF units does not allow for
robust decoding of color information at the population level
(SI Appendix, Supporting Results and Fig. S5).

Temporal Dynamics of the Population Code for Color and
Spatial Instructions in PFC. We next sought to explore the
dynamics of the neural code in the two prefrontal regions.
One way to examine population dynamics in time is to study
the stationarity of the code by training a classifier at one time
period and testing with data from another time period. If the
contribution of individual cells within the network remains
the same over time, a classifier trained at one time should
generalize equally well at other times. On the other hand, if
population dynamics change, the generalization of a decoder
over time will be poor.
Results of cross-temporal decoding analysis are shown in Fig. 3.

Decoding accuracies that fall across the diagonal were obtained
by training and testing the classifier at the same time bin (i.e.,
they are equivalent to those in Fig. 2 A and B). To estimate
how well the code generalizes at other time bins (i.e., the statio-
narity or dynamic nature of the code), we compared for each
training time bin the decoding performance on the diagonal to
that of other test bins along the same vertical line (one-sided
permutation test, P < 0.001).
The results indicated differences in the code for spatial and

color information during the cue and delay periods in vlPFC
(Fig. 3 A and B). We found that the code for spatial informa-
tion in vlPFC generalized between the cue and delay periods.

Decoding performance was not significantly different from that
on the diagonal when training using data from the late cue
period and testing using data from the early delay period and
vice versa (Fig. 3A). Similar results were obtained for the spatial
cue from the FEF (Fig. 3C). By contrast, the code for color
information in vlPFC did not generalize between the cue and
delay periods; training the classifier with data from the cue/delay
period and testing with data from the same period gave signifi-
cantly higher accuracies than those obtained from testing with
data from the delay/cue period, respectively (Fig. 3B). A direct
quantitative statistical comparison between results from the two
cueing conditions in vlPFC showed that during the early delay
period, a higher number of time bins with similar accuracies to
those on the diagonal can be found in the spatial cueing con-
dition, compared to the color cueing condition (SI Appendix,
Fig. S7, χ2 test, P < 0.01).

A closer look into the data identifies three periods with dis-
tinct profiles for both types of cues. During an early period,
immediately after cue presentation (0 to ∼350 ms), the code is
dynamic and does not generalize to other time epochs (Fig. 3
A–C). Thus, in agreement with a previous study (17), we find
that in the early period, the pattern of activity that differenti-
ates between cues is unique and does not extend into other time
periods. Subsequently, during the late cue period (350–900 ms)
the code enters a stationary regime with good generalization
across different time bins within this period (Fig. 3 A–C). Nota-
bly, the stationarity of the spatial code extends also into the delay
period both in vlPFC and the FEF (Fig. 3 A and C). On the
other hand, the color code in vlPFC enters a new dynamic state
during the early part of the delay period (Fig. 3B). These results
suggest a more stationary code for spatial information in vlPFC
and FEF across the cue and delay epochs and a rather dynamic
code for color information in vlPFC.

The temporal evolution of population activity across the cue
and delay epochs was further examined by plotting the activa-
tion state trajectory as previously described (17). Briefly, the
temporal evolution of vlPFC population activity was expressed
as a multidimensional trajectory, in which each point corre-
sponded to the instantaneous firing rate of the population in an
N-dimensional space at a particular time window, with N being
the number of neurons comprising the neuronal population. In
Fig. 4A, we plot three hypothetical trajectories, one for each
cue (red, green, blue, or upper left, lower left, and lower right).
For simplicity, trajectories are shown in three dimensions,
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Fig. 3. Temporal dynamics of the spatial and color code in PFC. (A) Cross-temporal classification analysis for the spatial code on the vlPFC population.
(B) Same as (A) but for the color code in vlPFC. (C) Same as (A) but for FEF. Color scale represents decoding accuracies. Training time of the classifier is shown
on the abscissa and test time is shown on the ordinate. Time is relative to cue onset (or array onset in the rightmost/uppermost part). Vertical and horizon-
tal dashed white lines denote delay onset. Black dashed contours enclose time periods with accuracies not significantly different from those on the diagonal
(permutation test, P < 0.01).
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permutation test, SI Appendix, Fig. S4A). A similar analysis car-
ried out for V4 showed that although V4 receptive fields (RFs)
were centered in the lower left quadrant and did not include
the fovea where the cue was presented, color information could
be decoded from V4 firing rates with accuracies significantly
above chance, whereas spatial information could not (SI Appendix,
Supporting Results).
Given that the percentage of FEF neurons responding to

color is significantly greater than what is expected by chance
(binomial test, P < 0.001) and that it is not significantly differ-
ent from that in vlPFC (χ2 test, P = 0.19), it is odd that robust
decoding of color information is not possible from the FEF
population. Results of additional analyses show that a small
percentage of color selective neurons in FEF with relatively
sustained selectivity (9/86 units) carry as a group some color
information in the delay period, however, the overall low and
transient selectivity across all FEF units does not allow for
robust decoding of color information at the population level
(SI Appendix, Supporting Results and Fig. S5).

Temporal Dynamics of the Population Code for Color and
Spatial Instructions in PFC. We next sought to explore the
dynamics of the neural code in the two prefrontal regions.
One way to examine population dynamics in time is to study
the stationarity of the code by training a classifier at one time
period and testing with data from another time period. If the
contribution of individual cells within the network remains
the same over time, a classifier trained at one time should
generalize equally well at other times. On the other hand, if
population dynamics change, the generalization of a decoder
over time will be poor.
Results of cross-temporal decoding analysis are shown in Fig. 3.

Decoding accuracies that fall across the diagonal were obtained
by training and testing the classifier at the same time bin (i.e.,
they are equivalent to those in Fig. 2 A and B). To estimate
how well the code generalizes at other time bins (i.e., the statio-
narity or dynamic nature of the code), we compared for each
training time bin the decoding performance on the diagonal to
that of other test bins along the same vertical line (one-sided
permutation test, P < 0.001).
The results indicated differences in the code for spatial and

color information during the cue and delay periods in vlPFC
(Fig. 3 A and B). We found that the code for spatial informa-
tion in vlPFC generalized between the cue and delay periods.

Decoding performance was not significantly different from that
on the diagonal when training using data from the late cue
period and testing using data from the early delay period and
vice versa (Fig. 3A). Similar results were obtained for the spatial
cue from the FEF (Fig. 3C). By contrast, the code for color
information in vlPFC did not generalize between the cue and
delay periods; training the classifier with data from the cue/delay
period and testing with data from the same period gave signifi-
cantly higher accuracies than those obtained from testing with
data from the delay/cue period, respectively (Fig. 3B). A direct
quantitative statistical comparison between results from the two
cueing conditions in vlPFC showed that during the early delay
period, a higher number of time bins with similar accuracies to
those on the diagonal can be found in the spatial cueing con-
dition, compared to the color cueing condition (SI Appendix,
Fig. S7, χ2 test, P < 0.01).

A closer look into the data identifies three periods with dis-
tinct profiles for both types of cues. During an early period,
immediately after cue presentation (0 to ∼350 ms), the code is
dynamic and does not generalize to other time epochs (Fig. 3
A–C). Thus, in agreement with a previous study (17), we find
that in the early period, the pattern of activity that differenti-
ates between cues is unique and does not extend into other time
periods. Subsequently, during the late cue period (350–900 ms)
the code enters a stationary regime with good generalization
across different time bins within this period (Fig. 3 A–C). Nota-
bly, the stationarity of the spatial code extends also into the delay
period both in vlPFC and the FEF (Fig. 3 A and C). On the
other hand, the color code in vlPFC enters a new dynamic state
during the early part of the delay period (Fig. 3B). These results
suggest a more stationary code for spatial information in vlPFC
and FEF across the cue and delay epochs and a rather dynamic
code for color information in vlPFC.

The temporal evolution of population activity across the cue
and delay epochs was further examined by plotting the activa-
tion state trajectory as previously described (17). Briefly, the
temporal evolution of vlPFC population activity was expressed
as a multidimensional trajectory, in which each point corre-
sponded to the instantaneous firing rate of the population in an
N-dimensional space at a particular time window, with N being
the number of neurons comprising the neuronal population. In
Fig. 4A, we plot three hypothetical trajectories, one for each
cue (red, green, blue, or upper left, lower left, and lower right).
For simplicity, trajectories are shown in three dimensions,
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(B) Same as (A) but for the color code in vlPFC. (C) Same as (A) but for FEF. Color scale represents decoding accuracies. Training time of the classifier is shown
on the abscissa and test time is shown on the ordinate. Time is relative to cue onset (or array onset in the rightmost/uppermost part). Vertical and horizon-
tal dashed white lines denote delay onset. Black dashed contours enclose time periods with accuracies not significantly different from those on the diagonal
(permutation test, P < 0.01).
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The PFC as a dynamical system 

• The PFC exhibits high computational flexibility. Unlike the visual 
cortex, PFC neurons demonstrate mixed selectivity; a single 
neuron encodes multiple, task variables (such as color in one 
context and location in another). 

• As dynamical systems, RNNs do not merely perform static input-
output associations; they evolve along state-space trajectories.  

• A trained RNN can effectively re-configure its internal latent states. 
This enables the model to solve distinct phases of a complex task, 
closely mirroring the dynamic coding observed in the biological 
brain during adaptive behavior.



RNN task



Dynamic and static coding in RNNs
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 A B S T R A C T

The endeavor to emulate the extraordinary efficiency and adaptability inherent in the human brain via 
spike-based neuromorphic computing presents significant potential across a diverse array of applications. The 
attainment of this objective necessitates the translation of biological principles into artificial systems, a task that 
continues to pose a complex challenge requiring a profound comprehension of the mechanisms by which neural 
systems produce robust computational outcomes. This tutorial paper provides a comprehensive overview of the 
foundational concepts and emerging design trends in spike-based neuromorphic computing, covering advances 
from materials and circuits to hardware architectures and learning mechanisms. It begins with an examination 
of key aspects of brain biology and their influence on neuromorphic design, followed by a brief discussion of 
biologically plausible neuron and synapse models. The paper then defines the core principles and defining 
attributes of neuromorphic computing, highlighting the trade-offs and design choices underlying current 
implementations. Building on these foundations, it explores the critical properties of neuromorphic systems, 
surveys a variety of learning algorithms, and reviews hardware-level realizations of bioinspired neurons 
and synapses. Subsequent sections discuss state-of-the-art spiking neural network architectures, mapping and 
compilation strategies, and representative application domains. By providing this end-to-end perspective, 
the article aims to guide the development of future neuromorphic systems that more closely emulate brain 
efficiency, scalability, and resilience.

1. Introduction

The human brain is remarkably efficient at processing information, 
consuming only about 20 W, roughly the power of a dim light bulb, 
while enabling perception, reasoning, and learning. In contrast, modern 
artificial neural networks require orders of magnitude more energy to 
perform and train on similar tasks. For instance, large-scale models such 
as GPT-3 or GPT-4 require thousands of high-end GPUs, with each GPU 

◁ This article is part of a Special issue entitled: ‘EuroMicro’ published in Microprocessors and Microsystems.
ω Corresponding authors.
E-mail addresses: a.gebregiorgis@tudelft.nl (A. Gebregiorgis), f.corradi@tue.nl (F. Corradi).

(e.g., NVIDIA A100 or H100) consuming 300–700 W under load. Train-
ing such models can consume several gigawatt-hours (GWh) of electric-
ity, comparable to the annual energy usage of hundreds of households. 
Whereas such models depend on massive centralized computation and 
energy resources, biological systems achieve can handle complex and 
noisy data, learn rapidly, and adapt to new situations while operating 
in a highly parallel and distributed manner. Ongoing research aims 
to bridge this efficiency gap through advances in information theory, 
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Biological and artificial agents must achieve goals to survive and 
be useful. This goal-directed or hedonistic behaviour is the 
foundation of reinforcement learning (RL)1, which is learning 

to choose actions that maximize rewards and minimize punishments 
or losses. Reinforcement learning is based on interactions between 
an agent and its environment (Fig. 1a,b). The agent must choose 
actions based on sensory inputs, where the sensory inputs define the 
states of the environment. It is the outcomes of these actions over 
time, either rewards or punishments, that the agent tries to optimize. 
This formulation is natural for behaviour in biological systems, but 
it has also proven highly useful for artificial agents.

Biological systems must find food, avoid harm and reproduce2. 
The environments in which they live are dynamic and key pro-
cesses unfold on multiple timescales (Fig. 1c). While some of these 
changes can be slow and persistent (for example, seasonal), oth-
ers can be sudden and ephemeral (for example, the appearance of 
a predator) and even fast and persistent (for example, destruction 
of a habitat). To deal with these changes, biological systems have 
to continuously adapt and learn on multiple timescales. Studies of 
biological systems have often focused on understanding how organ-
isms deal with learning problems where the associations between 
choices and rewards are immediate, but dynamic3–5. These are 
similar to ecological problems like learning which food to eat and 
whether conspecifics are friendly. The values assigned to choices 
in these cases can be updated rapidly with experience because the 
credit assignment problem—the link between the choice and the 
outcome—is straightforward. More concretely, in two-armed ban-
dit paradigms often used to study learning in animals, the rewards 
associated with choice options can be learned rapidly, and updated 
when they change6,7.

On the other hand, artificial agents are constructed from math-
ematical models and typically trained to solve a single problem in 
a static environment8,9, meaning that the reward contingencies and 
environmental responses are statistically fixed. In recent years, the 
most successful artificial systems, including neural networks, are 

generally trained in a data-driven fashion through statistical opti-
mization10. Training on these problems takes an enormous number 
of trials (Fig. 1d). Due to specific requirements for optimization, 
the training phase is generally separated from the performance 
phase (Fig. 1f). The separation of training and performance pre-
vents artificial agents from benefiting from ongoing experience or 
adapting to changes in the environment. As we discuss later, join-
ing these two phases to form one single ‘lifelong learner’ can lead 
to instabilities that challenge the assumptions made in statistical 
learning. Researchers are now attempting to address these issues 
(for example, DARPA’s Life Learning Machines (L2M) programme 
and DeepMind), using approaches like multitask reinforcement 
learning11,12. However, achieving the data efficiency and adapt-
ability of biological agents in dynamical environments remains a 
major challenge.

Despite differences between work on learning in biological and 
artificial agents, or perhaps due to these differences, there is much 
room for the flow of ideas between these fields. Systems neuro-
science has used many theoretical concepts from the study of RL 
in artificial agents to frame questions about biological systems. 
Theoretical RL algorithms, both model-free and model-based, 
are providing novel insights into reward-based learning processes 
in biology13,14. Moving from biology to theory, much of the work 
on learning in artificial neural networks was driven by ideas from 
learning in biology, including the perceptron15 and the wake–sleep 
algorithm16, which laid the foundations for efficient training of deep 
networks today.

A growing body of work explores the intersection of learning in 
artificial and biological systems. This work attempts on the one side 
to build an artificial brain and on the other to understand biologi-
cal brains. In this Review, we focus on describing areas where the 
flow of ideas from the study of learning in artificial systems has led 
to increased understanding of learning in biological systems, and 
vice versa. We also point to areas where this flow of ideas may be 
exploited in the future, to better understand biological learning 

Reinforcement learning in artificial and biological 
systems
Emre O. Neftci1,3 and Bruno B. Averbeck2,3*

There is and has been a fruitful flow of concepts and ideas between studies of learning in biological and artificial systems. Much 
early work that led to the development of reinforcement learning (RL) algorithms for artificial systems was inspired by learning 
rules first developed in biology by Bush and Mosteller, and Rescorla and Wagner. More recently, temporal-difference RL, devel-
oped for learning in artificial agents, has provided a foundational framework for interpreting the activity of dopamine neurons. 
In this Review, we describe state-of-the-art work on RL in biological and artificial agents. We focus on points of contact between 
these disciplines and identify areas where future research can benefit from information flow between these fields. Most work 
in biological systems has focused on simple learning problems, often embedded in dynamic environments where flexibility and 
ongoing learning are important, similar to real-world learning problems faced by biological systems. In contrast, most work in 
artificial agents has focused on learning a single complex problem in a static environment. Moving forward, work in each field 
will benefit from a flow of ideas that represent the strengths within each discipline.
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What neuroscience can tell AI about learning 
in continuously changing environments
 

Daniel Durstewitz    1,2,3  , Bruno Averbeck    4 & Georgia Koppe2,5,6

Modern arti!cial intelligence (AI) models, such as large language models, 
are usually trained once on a huge corpus of data, potentially !ne-tuned 
for a speci!c task and then deployed with !xed parameters. Their training 
is costly, slow and gradual, requiring billions of repetitions. In stark 
contrast, animals continuously adapt to the ever-changing contingencies 
in their environments. This is particularly important for social species, 
where behavioural policies and reward outcomes may frequently change 
in interaction with peers. The underlying computational processes are 
often marked by rapid shifts in an animal’s behaviour and rather sudden 
transitions in neuronal population activity. Such computational capacities 
are of growing importance for AI systems operating in the real world, like 
those guiding robots or autonomous vehicles, or for agentic AI interacting 
with humans online. Can AI learn from neuroscience? This Perspective 
explores this question, integrating the literature on continual and in-context 
learning in AI with the neuroscience of learning on behavioural tasks with 
shifting rules, reward probabilities or outcomes. We outline an agenda 
for how the links between neuroscience and AI could be tightened, thus 
supporting the transfer of ideas and !ndings between both areas and 
contributing to the evolving !eld of NeuroAI.

Natural environments are never constant. Food sources may be deple-
ted and novel, even more nutritious opportunities may pop up. Strate-
gies for escaping from harmful situations that worked in one context 
may fail in another. Changing weather conditions, seasons or migra-
tion into novel terrain may impose new challenges1,2. This is even more 
true in interaction with predators, potential prey and conspecifics, 
who may change their own behavioural policies in response to yours, 
leading to multi-level feedback loops2. Animal brains evolved over 
hundreds of millions of years to deal with such challenges3. This abil-
ity to continuously adapt to changing environmental conditions and 
to come up with new solutions on the fly, especially in dangerous and 
time-critical situations, is a characteristic of increasing importance to 
AI4. It is of obvious relevance to robots and autonomous agents directly 

interacting, like animals, with the physical world. It, however, also has 
an increasing role for AI systems engaging with humans online, like 
medical support systems or other large language model (LLM)-based 
assistants and ‘agentic AI’5.

The process of training current state-of-the-art machine learning 
(ML) and AI models fundamentally differs, however, from how animals 
learn. Unlike animals, they are usually trained once on a huge corpus of 
data6. After this initial training, there is comparatively little flexibility in 
readjusting parameters to cope with novel scenarios. The training itself 
is slow and gradual, commonly based on forms of gradient descent 
(GD). This is strikingly different from animal brains, which continuously 
absorb new knowledge, and may ingrain one-time-only experiences 
forever within the physical structure of their synaptic connectivity7,8. 
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The brain learns by modifying the synaptic 
connections between neurons1–5. Although 
synaptic physiology helps explain the 
rules and processes behind individual 
modifications, it does not explain how 
individual modifications coordinate to 
achieve a network’s goal. Since learning 
cannot be just a blind accumulation of 
myopic, synapse-specific events that do 
not consider downstream behavioural 
consequences, we need to uncover the 
principles orchestrating plasticity across 
whole networks if we are to understand 
learning in the brain.

Within machine learning, researchers 
study ways of coordinating synaptic updates 
to improve performance in artificial neural 
networks, without being constrained by 
biological reality. They start by defining 
the architecture of the neural network, 
which comprises the number of neurons 
and how they are connected. For example, 
investigators often use deep networks 
with many layers of neurons, since these 
architectures have proved to be very effective 
for many tasks. Next, researchers define 
an!error function6 that quantifies how poorly 
the network is currently achieving its goals 
and then they search for learning algorithms 

predominantly unsupervised fashion1,25–27, 
building representations that make explicit 
the structure that is only implicit in the raw 
sensory input. It is natural to wonder, then, 
whether backprop has anything to tell us 
about learning in the brain25,28–30.

Here we argue that in spite of these 
apparent differences, the brain has the capacity 
to implement the core principles underlying 
backprop. The main idea is that the brain 
could compute effective synaptic updates by 
using feedback connections to induce neuron 
activities whose locally computed differences 
encode backpropagation-like error signals. 
We link together a seemingly disparate set 
of learning algorithms into this framework, 
which we call ‘neural gradient representation 
by activity differences’ (NGRAD)9,27,31–41. 
The NGRAD framework demonstrates that 
it is possible to embrace the core principles 
of backpropagation while sidestepping 
many of its problematic implementation 
requirements. These considerations may be 
relevant to any brain circuit that incorporates 
both feedforward and feedback connectivity. 
We nevertheless focus on the cortex, which 
is defined by its multilaminar structure 
and hierarchical organization, and so has 
long been viewed as exhibiting many of 
the architectural features associated with 
deep!networks.

Credit assignment in networks
This article emphasizes the role of learning 
in the generation of adaptive behaviour. 
It should be acknowledged that brains 
undoubtedly have prior knowledge that has 
been optimized by evolution (that is, in the 
form of neural architectures and default 
connectivity strengths). Priors may ensure 
that only a limited amount of learning based 
on a relatively small amount of task error or 
feedback information is needed throughout 
an animal’s lifetime to acquire all the 
skills the animal will exhibit. Nonetheless, 
although animals often display impressive 
behaviours from birth, they are also capable 
of extraordinary feats that could not have 
been tuned by evolution but instead require 
long bouts of learning. Some examples of 
such feats in humans are playing Go and 
chess; programming a computer or designing 
a video game; writing and playing a piano 
concerto; learning the vocabularies and 
grammars of multiple languages; recognizing 

that compute synaptic changes that reduce 
the error (FIG. 1).

In machine learning, backpropagation of  
error (‘backprop’)7–10 is the algorithm most 
often used to train deep neural networks 
(BOX 1) and is the most successful learning 
procedure for these networks. Networks 
trained with backprop are at the heart 
of recent successes of machine learning, 
including state-of-the-art speech11 and 
image recognition12,13, as well as language 
translation14. Backprop also underpins recent 
progress in!unsupervised learning problems 
such as image and speech generation15,16, 
language modelling17 and other next-step 
prediction tasks18. In addition, combining 
backprop with!reinforcement learning has 
given rise to significant advances in solving 
control problems, such as mastering Atari 
games19 and beating top human professionals 
in the games of Go20,21 and poker22.

Backprop uses!error signals that are 
sent through feedback connections to 
adjust synapses and has classically been 
described in the!supervised learning setting 
(that is, with explicit, externally provided 
targets). However, the brain appears to 
use its feedback connections for different 
purposes23,24 and is thought to learn in a 

Backpropagation and the brain
Timothy P. Lillicrap  , Adam Santoro, Luke Marris, Colin J. Akerman and 
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Abstract | During learning, the brain modifies synapses to improve behaviour. In the 
cortex, synapses are embedded within multilayered networks, making it difficult 
to determine the effect of an individual synaptic modification on the behaviour of 
the system. The backpropagation algorithm solves this problem in deep artificial 
neural networks, but historically it has been viewed as biologically problematic. 
Nonetheless, recent developments in neuroscience and the successes of artificial 
neural networks have reinvigorated interest in whether backpropagation offers 
insights for understanding learning in the cortex. The backpropagation algorithm 
learns quickly by computing synaptic updates using feedback connections to 
deliver error signals. Although feedback connections are ubiquitous in the cortex, 
it is difficult to see how they could deliver the error signals required by strict 
formulations of backpropagation. Here we build on past and recent developments 
to argue that feedback connections may instead induce neural activities whose 
differences can be used to locally approximate these signals and hence drive 
effective learning in deep networks in the brain.

PERSPECTIVES

NATURE REVIEWS | NEUROSCIENCE

https://1drv.ms/b/c/a9d6a37ab6da0ae2/IQAc_gpT-onlRY5i6j4fMR6aAWAq2tOVslVNWMXmOD5er7I?e=oZ0GIr

Perspective https://doi.org/10.1038/s41467-023-37180-x

Catalyzing next-generation Artificial
Intelligence through NeuroAI
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Neuroscience has long been an essential driver of progress in artificial intelli-
gence (AI). We propose that to accelerate progress in AI, we must invest in
fundamental research in NeuroAI. A core component of this is the embodied
Turing test, which challenges AI animal models to interact with the sensor-
imotor world at skill levels akin to their living counterparts. The embodied
Turing test shifts the focus from those capabilities like game playing and
language that are especially well-developed or uniquely human to those cap-
abilities – inherited from over 500million years of evolution – that are shared
with all animals. Building models that can pass the embodied Turing test will
provide a roadmap for the next generation of AI.

Over the coming decades, Artificial Intelligence (AI) will transform
society and the world economy in ways that are as profound as the
computer revolution of the last half century and likely at an even faster
pace. This AI revolutionpresents tremendous opportunities to unleash
human creativity and catalyze economic growth, relieving workers
from performing the most dangerous and menial jobs. However, to
reach this potential, we still require advances that will make AI more

human-like in its capabilities. Historically, neuroscience has been a
critical driver and source of inspiration for improvements in AI, par-
ticularly those that made AI more proficient in areas that humans and
other animals excel at, such as vision, reward-based learning, inter-
acting with the physical world, and language1,2. It can still play this role.
To accelerate progress in AI and realize its vast potential, we must
invest in fundamental research in “NeuroAI.”
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Neuroscience-Inspired Artificial Intelligence
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The fields of neuroscience and artificial intelligence (AI) have a long and intertwined history. In more recent
times, however, communication and collaboration between the two fields has become less commonplace.
In this article, we argue that better understanding biological brains could play a vital role in building intelligent
machines. We survey historical interactions between the AI and neuroscience fields and emphasize current
advances in AI that have been inspired by the study of neural computation in humans and other animals. We
conclude by highlighting shared themes that may be key for advancing future research in both fields.

In recent years, rapid progress has been made in the related
fields of neuroscience and artificial intelligence (AI). At the
dawn of the computer age, work on AI was inextricably inter-
twined with neuroscience and psychology, andmany of the early
pioneers straddled both fields, with collaborations between
these disciplines proving highly productive (Churchland and
Sejnowski, 1988; Hebb, 1949; Hinton et al., 1986; Hopfield,
1982; McCulloch and Pitts, 1943; Turing, 1950). However,
more recently, the interaction has become much less common-
place, as both subjects have grown enormously in complexity
and disciplinary boundaries have solidified. In this review, we
argue for the critical and ongoing importance of neuroscience
in generating ideas that will accelerate and guide AI research
(see Hassabis commentary in Brooks et al., 2012).
We begin with the premise that building human-level general

AI (or ‘‘Turing-powerful’’ intelligent systems; Turing, 1936) is a
daunting task, because the search space of possible solutions
is vast and likely only very sparsely populated. We argue that
this therefore underscores the utility of scrutinizing the inner
workings of the human brain— the only existing proof that
such an intelligence is even possible. Studying animal cognition
and its neural implementation also has a vital role to play, as it
can provide a window into various important aspects of higher-
level general intelligence.
The benefits to developing AI of closely examining biological

intelligence are two-fold. First, neuroscience provides a rich
source of inspiration for new types of algorithms and architec-
tures, independent of and complementary to the mathematical
and logic-based methods and ideas that have largely dominated
traditional approaches to AI. For example, were a new facet of
biological computation found to be critical to supporting a cogni-
tive function, then we would consider it an excellent candidate
for incorporation into artificial systems. Second, neuroscience
can provide validation of AI techniques that already exist. If a
known algorithm is subsequently found to be implemented in
the brain, then that is strong support for its plausibility as an in-
tegral component of an overall general intelligence system.
Such clues can be critical to a long-term research program
when determining where to allocate resources most produc-

tively. For example, if an algorithm is not quite attaining the level
of performance required or expected, but we observe it is core to
the functioning of the brain, then we can surmise that redoubled
engineering efforts geared to making it work in artificial systems
are likely to pay off.
Of course from a practical standpoint of building an AI

system, we need not slavishly enforce adherence to biological
plausibility. From an engineering perspective, what works is
ultimately all that matters. For our purposes then, biological
plausibility is a guide, not a strict requirement. What we are
interested in is a systems neuroscience-level understanding
of the brain, namely the algorithms, architectures, functions,
and representations it utilizes. This roughly corresponds to
the top two levels of the three levels of analysis that Marr
famously stated are required to understand any complex bio-
logical system (Marr and Poggio, 1976): the goals of the sys-
tem (the computational level) and the process and computa-
tions that realize this goal (the algorithmic level). The precise
mechanisms by which this is physically realized in a biological
substrate are less relevant here (the implementation level).
Note this is where our approach to neuroscience-inspired AI
differs from other initiatives, such as the Blue Brain Project
(Markram, 2006) or the field of neuromorphic computing sys-
tems (Esser et al., 2016), which attempt to closely mimic or
directly reverse engineer the specifics of neural circuits (albeit
with different goals in mind). By focusing on the computational
and algorithmic levels, we gain transferrable insights into gen-
eral mechanisms of brain function, while leaving room to
accommodate the distinctive opportunities and challenges
that arise when building intelligent machines in silico.
The following sections unpack these points by considering the

past, present, and future of the AI-neuroscience interface.
Before beginning, we offer a clarification. Throughout this article,
we employ the terms ‘‘neuroscience’’ and ‘‘AI.’’ We use these
terms in the widest possible sense. When we say neuroscience,
we mean to include all fields that are involved with the study of
the brain, the behaviors that it generates, and the mechanisms
by which it does so, including cognitive neuroscience, systems
neuroscience and psychology. When we say AI, we mean work
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