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Toward a foundational brain model of intelligence o

Xiao-Jing Wang

Foundation models, that are pre-trained by massive data then
serve as the core of various systems fine-tuned to accomplish
a range of specific tasks, have begun to be deployed in
Neuroscience. Here | consider how this new approach may go
beyond input-output predictions to yield mechanistic under-
standing, and enable superb mental abilities which are still
poorly understood and elusive in artificial intelligence (Al)
systems. | propose the development of a computational plat-
form that incorporates connectome and cell types, captures
complex dynamics of recurrent neural circuits, and learns to
accomplish multiple cognitive tasks the combined perfor-
mance of which measures intelligence. lllustrated by recent
works in the field of NeuroAl, key requirements are outlined for
a biologically-based foundational brain model of intelligence
with, at its core, the prefrontal cortex that underlies cognitive
capabilities ranging from learning-to-learn, reasoning, plan-
ning to executive control of behavior. Resulting novel algo-
rithms could inspire the advancement of general human-like
Al.
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Introduction

New technological tools and the resulting massive data
offer unprecedented opportunities in neuroscience.
One of the current trends spurred by these advances is
to leverage artificial intelligence (Al) for data analysis
and computational modeling. For instance, Wang et al.
(2025) used machine learning to build a neural network
model for the mouse visual cortex [1]; Binz et al. (2025)
reported a large language model that performed cogni-
tive tasks of a behavioral dataset called Psych-101 that
includes more than 100 experiments [2]. This type of
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models is called foundation models in Al, which are first
pretrained by multimodal datasets then serve as the core
of various systems fine-tuned to accomplish a variety of
specific tasks [3].

These recent works represent an innovative approach
that holds promise for tackling data analysis of different
modalities. However, the potential for success of this
perspective in neuroscience depends on whether such
models can go beyond prediction to mechanistic un-
derstanding [4,5]. Here, I will highlight main challenges
to be overcome in order to achieve that goal.

Connectome-based modeling for model-
brain: alignment and much more

One salient problem of Al modeling is to ‘align’ parts
of an artificial neural network model with those of the
brain. In a deep neural network (DNN) for human
vision consisting of a series of layers, alignment of an
area in the model was determined by the best fit of its
activity with blood-oxygen-level-dependent (BOLD)
signal of functional Magnetic Resonance Imaging in
one of the cortical visual areas. The resulting align-
ment turned out to be positively correlated with the
anatomically defined cortical hierarchy [6]. However,
the correlation is modest (R~ 0.6), and this approach
is at best descriptive. By contrast, in a connectome-
based model, parcellated areas (primary visual cortex
V1, etc.) are well defined; thus, there is one-to-one
correspondence between areas in the model and the
brain, avoiding the problem of alignment altogether.
Furthermore, today’s DNNs do not capture neural
interactions cross-brain regions, not only because of a
lack of anatomical constraints but also due to the
commonly used feed-forward architecture in sharp
contrast to the cortex which is endowed with an
abundance of local recurrent connections [7] and
feedback connections between areas [8]. For these
reasons, a connectome-based computational framework
would represent an important step forward for circuit
mechanistic understanding.

In recent years, connectome-based models of a large-
scale multiregional cortex has been developed for
human [9,10], mouse [11], macaque [12—14], and
marmoset [15] monkeys. This line of research begins to
yield surprising model predictions such as a hierarchy of
time constants [12] which is supported by single-neuron
data from monkeys [15,16] and mice [17]. The
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connectome-based computational framework is timely
in parallel with experimental brain-wide studies beyond
local-area considerations. Neural recordings in behaving
mice found that neural representations of sensory
stimuli, decisions, and motor responses are widely
distributed in the brain [18—25]. At the first sight, these
observations appear to contradict the notion that
different brain areas are specialized in subserving
distinct aspects of cognition. Instead, new experimental
evidence motivated a more rigorous definition of func-
tional specialization compatible with selectively distrib-
uted processing, where a functional module composed
of a number of areas (rather than a single local area) is
dedicated to a function, such as working memory [26] or
decision-making (Figure 1) [27].

Figure 1

The work of Klatzmann et al. (2025) represents the first
realistic primate cortex model of the global neuronal
workspace theory of consciousness [28], in support of a
central role of the prefrontal cortex (PFC). The PFC is a
critical brain structure for a wide range of cognitive
functions [29—33]; its abnormalities are at the root of
major psychiatric disorders [34]. Indeed, fMRI studies
found that performing tests to assess intelligence
consistently activates the PFC [35,36]. It thus is imper-
ative to understand the PFC underlying intelligence.

Leveraging Al tools to build neural circuit
models

Training neural networks by machine learning has
become a central theme in NeuroAl, at the interface
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A connectome-based cortex model simulates simple decision-making of a monkey experiment [73]. (a) Top: When a visual stimulus with a near-

detection threshold contrast is shown, subjects either are aware of it (a hit, green) or not (a miss, red). When no stimulus is shown, a subjective judgment
is either its absence (a correct rejection, black) or presence (a false alarm, blue). Neural spiking activity in the primary visual cortex V1 encodes the
physical stimulation (green and red), whereas that in the dorsolateral prefrontal cortex reflects subjective decision (green and blue). Bottom: psycho-
metric function (probability of detection) as a function of stimulus contrast. (b) The connectome-based model reproduces the salient physiological

observations (top) and behavioral performance (bottom, where contrast is implemented by the strength of input to V1). Moreover, the model provides an
experimentally testable prediction that the gradual ramping activity in dorsolateral prefrontal cortex (DLPFC) in false-alarm trials is an artifact. In single
trials, neural activity of DLPFC exhibits a sudden jump, with the jumping time-varying stochastically from trial to trial, resulting in a smooth ramping time

course of the trial average (insert) [27].
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between computational neuroscience and Al [37—42].
Generally, input-driven information processes like
object recognition are modeled by feedforward DNNSs,
whereas internally driven mental processes such as
subjective decision-making, working memory, and
planning, require recurrent neural networks (RNNs). A
variety of RNNs have been developed: some use con-
ventional ‘vanilla’ units akin to biological neurons
[39,43], and others incorporate gating units [44,45];
RNNSs can be trained using different learning algorithms
including supervised learning [39], reinforcement
learning [41,46] or nonstandard clone-structured causal
graph [47]. Leveraging Al, models have been developed
for core building blocks of cognition that depend on the
PFC, ranging from task set representation underlying
multitasking [48,49] to schema formation for learning-
to-learn [50,51]. Figure 2 shows an example of this
kind designed to elucidate the critical role of the PFC in
behavioral flexibility [52]. A classic assessment of frontal
lobe function is the Wisconsin Card Sorting Test
(WCST) in which a behavioral rule is not cued by an
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input but must be inferred and maintained internally
over trials to guide sensorimotor mapping [53]. AWCST
variant is illustrated in Figure 2a [54]. When the
behavioral rule suddenly changes (e.g. from shape to
color), the brain must infer the new rule on the basis of
feedback to behavioral responses and flexibly switch to a
new rule. To test the hypothesis that rule-guided task
switching is accomplished in the brain through gating
mediated by a specific subtype of GABAergic inhibitory
neurons, this RNN incorporated excitatory pyramidal
cells and three inhibitory cell types that form a disin-
hibitory motif composed of parvalbumin, somatostatin
(SST), and vasoactive intestinal peptide (VIP)—-
positive interneurons. This motif was first proposed
theoretically [55], widely supported by later experi-
ments [56,57]. The idea is that a rule-coding circuit of
the PFC module projects to both SST+ and VIP+ cells
in the sensorimotor module, their relative activities
‘gate in’ behaviorally relevant feature (e.g. color) in some
pyramidal neuron groups and ‘gate out’ the irrelevant
one (shape) in the sensorimotor module. The trained

Figure 2
reference  test cards Inter-trial
card on on feedback interval
500 ms 500 ms 100 ms 1000 ms
___>$‘< __________________
: ®x Vv
Hidden  ghape |shape|shape| color | color
rule % >
rule switch ial
C Rule subspace
%]
== color rule trials
shape rule trials

Feedback

“Sensorimotor”

Output
A

Q.

) 1
cs
[ 3
o9 2
z8 5
D © 1S
Qo aQ ‘5
o & € .\
23 e
<o o
2 Intact Silence 0——
SST Intact Silence

SST

Current Opinion in Neurobiology

A trained RNN model for WCST. (a) The task is to choose one of 3 options that matches the reference card at the center in either shape or color,
depending on a hidden rule that switches after a number of trials. (b) The model schema has two modules: the ‘PFC’ module that learns to encode rules;
the ‘sensorimotor’ module that is trained to generate a choice. (¢) Neural representations under two different rules correspond to nearly orthogonal low-
dimensional subspaces (defined by a principal component analysis of population activity). (d) When the dendrite-targeting SST-positive inhibitory
neurons are inactivated, the principal angle between the two subspaces is reduced (left) and behavioral performance is at chance level (right). Adapted
from Ref. [52]. PFC, prefrontal cortex; RNN, recurrent neural network; SST, somatostatin; WCST, Wisconsin Card Sorting Test.
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RNN shows that this is indeed the case with the SST+
cells playing a critical role in gating.

The work is noteworthy in two respects. First, it is an
RNN trained by machine learning that incorporates cell
types and pyramidal dendrites, demonstrating the
feasibility of integrating biological details in an Al-type
framework. Second, in recent years the dynamical sys-
tems approach is commonly applied to describe popula-
tion activity in the state space, using dimensionality
reduction, subspace, or manifold discovery [58—60]. Liu
and Wang (2024) showed that neural representations

subspaces according to the two behavioral rules. When
the SST+ cells were inactivated, the angle between the
two subspaces was dramatically reduced and perfor-
mance is at chance level (Figure 2). This was the first
paper to connect the descriptive subspace/manifold
approach with a cell-type specific neural circuit mecha-
nism [52].

Compositionality and generalization
A computational model would not be qualified as of the
foundation kind unless it can be generalized to novel
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A trained RNN model for probabilistic reward-dependent decision making. (a) Architecture of a recurrent neural network for economic choice that obeys
Dale’s law. (b) Five different tasks of choosing between two options associated with different reward amounts (‘standard’); two options of reward
probabilities and amounts (‘risky’); three options (‘ternary’); two options, each yielding a mixture of reward types and amounts (‘bundles’); and two
options the presentations of which are separated by a mnemonic delay period (‘sequential’). (c) Analysis of post-training network behavior. Each point,
indicating a trial decision, is color-coded to represent the chosen offer (C: red; E: blue). (d) Analysis of functional cell types revealed 3 clusters of
excitatory neurons (left), with the first and second dedicated to three-choice task and sequential task, respectively. Inhibitory neurons show 2 clusters;
one of them is specialized in the sequential task (right). (e) Learning benefits from curriculum training. Compared to initialization with a random network
(a ‘blank slate,” the leftmost data point), learning to perform the bundles task (left) and sequential task (right) is faster if the model is first trained to
perform the standard task (middle point) and further accelerated with the model also trained beforehand to perform the risky task (right point). Adopted
from Ref. [46]. RNN, recurrent neural network.
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number of problems can be solved by the use of a
limited number of building blocks of cognition that are
combined on-demand according to some syntactic rules
[61] can be tested in human studies [62,63] and
nonhuman animal experiments [64]. An RNN showed
how functional clusters of neurons dedicated to
different functions can be flexibly combined according
to a behavioral rule to carry out 20 cognitive tasks of
working memory, decision-making, categorization, and
inhibitory control of actions [49,65,66]. Similarly, an
RNN trained by reinforcement learning was reported to
perform multiple reward-dependent economic de-
cisions [46].

Figure 3a—b shows the model that accomplishes 5 rule-
guided tasks. This framework enabled investigations of
several questions. For instance, given that the inputs to
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neurons are additive by excitation or subtractive by in-
hibition, how is multiplication of a reward size A and its
probability p computed to estimate expected value
V = Ap in a neural circuit (Figure 3c)? Unlike the pre-
vious works, the new model is endowed with Dale’s law.
It showed that both excitatory and inhibitory neurons
are selective for behavioral attributes (Figure 3d), as
observed experimentally [67]. Compositionality
emerges from training that facilitates acceleration of
learning when training occurs through an appropriate
curriculum (Figure 3e). Finally, the model exhibits
generalization, when training takes places with a small
subset of stimuli then tested using previously unseen
stimuli, as observed in a monkey experiment [68].

These recent works are a proof of principle for compu-
tational models of internally driven cognitive functions,

Figure 4
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Connectome-based model of macaque cortex trained to perform cognitive tasks. (a) Model setup. Visual stimulus is presented to the multiarea recurrent
neural network (RNN) through Gabor filters unique to each excitatory neuron in V1. Stimulus shape and position are trained to be decoded from the
ventral and dorsal visual areas, respectively. (b) The multiregional RNN trained to perform a delayed match-to-shape working memory task. Two stimuli
are presented with a delay between them and one of two saccades is performed based on whether the stimuli have the same shape. Decision to
saccade is read out from the frontal eye field. (c) Connectomic constraints are preserved through learning, with the average interareal connection
weights plotted against anatomically measured data for macaque monkey cortex (FLN stands for fractional labeled neurons) from Ref. [74]. (d) In-
formation flow analysis. Information gain about a stimulus feature (e.g. position or shape) from one area to another, computed using information theory,
provides an quantification and an intuitive understanding of how visual information flows within the network. Adapted from Soo, W. & X.-J. Wang (2023)
Connectome-constrained multi-area recurrent neural networks performing working memory tasks. Society for Neurosci. poster #PSTR 301.10/VV16.
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characterized by compositionality and generaliza-
tion capabilities.

Concluding remarks

So far, two lines of progress have been made indepen-
dently: connectome-based modeling of the multire-
gional brain and training RNNs. What is needed now is
to integrate the two methodologies. A baby step in that
direction is shown in Figure 4, where a cognitive task
requiring working memory and decision-making is
simulated by a connectomically constrained multire-
gional RNN, where information flows between parcel-
lated areas are quantified (see also [69]). These
preliminary results demonstrate the feasibility of
building a connectome-based large-scale foundational
brain model capable of performing cognitive tasks.
Arguably, this research direction warrants as much ef-
forts as that of computational predictive models of real
physical world, implementable in automated robots
[70,71]. Given that the PFC abnormalities lead to
harmful behavior [72], lessons from learning computa-
tional algorithms of how the PFC achieves executive
control of thoughts and actions will inspire innovations
in Al safety. A computational program with the PFC at
its core may well transform neuroscience and pave a
path to safe artificial general intelligence.
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