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Abstract 
Machine learning models are rapidly approaching or surpassing human performance on 

many metrics. In comparison, neuroscience is progressing at a slow pace. To reach the 

research velocity possible in software paradigms, we highlight a potential path to 

high-quality emulations of the brains of key model organisms such as the roundworm 

Caenorhabditis elegans, the zebrafish Danio rerio and the mouse Mus musculus.  

 

Notably, multiple required technologies are rapidly improving. Firstly, 

high-resolution imaging of neuronal structure and connectivity in light microscopy or 

electron microscopy. Connectomics has progressed from mapping the brain of a 

302-neuron nematode C. elegans to a complete adult fruit fly brain reconstruction 

containing approximately 140,000 neurons. Required reconstruction and proofreading 

cost per reconstructed neuron has fallen from roughly $16,500 to approximately $100 

for zebrafish larvae.  

 

Secondly, functional imaging has improved drastically, approaching high-resolution 

imaging of entire brains in the young zebrafish and cortical sections in mice 

containing up to 1 million neurons.  

 

Thirdly, simulation capabilities have progressed far. Detailed emulated models of 

neurons and synapses are available, ranging from simple proxies to biologically 

accurate neurons. Under pessimistic assumptions we estimate that real-time human 

brain emulations require roughly 6e20 FLOP/s of compute, 700 GB memory storage per 

GPU, and 24 GB/s interconnect bandwidth. Mid-2020s AI clusters reach 4e20 FLOP/s, 180 

GB memory per GPU, and 1.8 TB/s interconnect, with large investments into larger 

clusters ongoing. 

 

Early emulation attempts are already running. Recent progress includes 

benchmarking-focused emulations of zebrafish brains, an entire mouse cortex, and 

incomplete simulations as large as 80 billion neurons, beginning to reach human-scale 

requirements. 

 

Rigorous, detailed, and biologically accurate emulations of multiple model organisms 

are surprisingly tractable. C. elegans, larval zebrafish, and Drosophila present 

compelling near-term targets where structural, functional, and molecular datasets are 

attainable. Progress in these organisms can drive the development of technologies and 

structure-to-function mapping methods required to scale up brain emulation work to 

larger organisms, including eventually human-scale emulations.  

 

Thesis Supervisor: Edward S. Boyden 

Title: Y. Eva Tan Professor in Neurotechnology; Professor of 

Biological Engineering, Brain and Cognitive Sciences, and Media 

Arts and Sciences 
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Preface 
 

This thesis is my solo-authored monograph developed during my 

time in the Boyden Lab at MIT from 2024 to 2026.  

 

This is a peculiar thesis: In order to argue that brain 

emulations are surprisingly feasible, the work underlying this 

piece included conducting roughly 50 in-depth interviews with 

researchers in connectomics, functional imaging, and neural 

simulation; synthesizing hundreds of papers; and drafting early 

material that developed the structure, estimates, and arguments 

presented here. 

 

A central contribution of this thesis is the attempt to bridge 

fields that rarely speak to one another. Connectomics, functional 

imaging, neural simulation, and AI hardware each have their own 

literatures, metrics, and communities -- yet the feasibility of 

brain emulation depends on all of them simultaneously. By 

surveying each domain and translating their progress into common 

units, I aimed to make the interdependencies visible.  

 

For instance, the Fermi estimates in this thesis reduce 

whole-brain simulation to concrete hardware demands: how many 

floating-point operations per second, how much memory per GPU, 

how much interconnect bandwidth between partitions, and how much 

raw storage for a single brain image. These order-of-magnitude 

calculations are not predictions; they are meant to clarify which 

constraints are binding today and which are likely to relax with 

foreseeable technology.  

 

Similarly, the benchmarking framework developed here attempts to 

ground the question "how good are our simulations?" in 

quantitative comparisons -- not between models and biology in the 

abstract, but against specific experimental observables at 

4 



specific scales. The goal throughout has been to make brain 

emulation legible as an engineering problem with identifiable 

bottlenecks, rather than a speculative aspiration defined mainly 

by what we do not yet know. 

 

In an extensive team effort, later collaborative outgrowth of 

this work was the State of Brain Emulation Report 2025, a 

multi-author companion document that extends and reworks some of 

the material developed here. I cite it as related work and as a 

later synthesis. It is available at brainemulation.mxschons.com. 

 

N. Zanichelli, M. Schons, I. Freeman, P. Shiu, and A. 

Arkhipov, "State of Brain Emulation Report 2025," 2025. arXiv 

preprint: arXiv:2510.15745. 

 

The report was released publicly in January 2026. There are no 

copyright conflicts or embargo requirements for citing and 

discussing it here. My own contribution was to initiate the 

project at MIT, develop its early framing and structure, lead 

interviews and technical synthesis, and draft the monograph-style 

review work from which the later collaborative report grew. 
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Introduction 
 

There lies the port; the vessel puffs her sail: 

There gloom the dark, broad seas. My mariners, … 

It may be that the gulfs will wash us down: 

It may be we shall touch the Happy Isles, 
-​ Ulysses 

 

Humanity is racing towards strange, unknown waters.  

 

AI has approached, achieved or surpassed human-level performance 

on many conceivable benchmarks. This spans many cognitive 

domains: Chess (Campbell et al., 2002), Go (Silver et al., 2016), 

reasoning (OpenAI, 2024), parts of mathematics (Trinh et al., 

2024), software development (Schluntz et al., 2024), natural 

language (Brown et al., 2020), reading comprehension (Rae et al., 

2021), visual reasoning (OpenAI, 2024), protein structure 

prediction (Abramson et al., 2024), competitive programming 

(OpenAI, 2025), graduate-level science (Rein et al., 2023), 

abstract reasoning (ARC Prize, 2024), and gold-medal standard in 

mathematics (Google DeepMind, 2025; OpenAI, 2025). Meanwhile, 

investment into AI is approaching $100B yearly (Perrault & Clark, 

2024). By 2030, computational power available for AI training 

runs is likely to scale to 2e29 FLOP or beyond — more than 10,000 

times more than was used for GPT-4 (Sevilla et al., 2024). AI 

progress will not halt anytime soon, especially as nation states 

compete to avoid falling behind adversaries that possess advanced 

AI and being technologically outpaced by rivals (Aschenbrenner, 

2024, Tong & Martina, 2024). 

 

Stephen Hawking warned that AI represents either humanity's 

greatest achievement or an existential threat (Hawking, 2016), a 

sentiment resounding with Geoffrey Hinton, Dario Amodei, Yoshua 
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Bengio, Demis Hassabis, Sam Altman, and others signing a 

statement that (Hinton et al., 2023):  

“Mitigating the risk of extinction from AI should be 

a global priority alongside other societal-scale 

risks such as pandemics and nuclear war.”  

 

 .-.-. .-.-. .-.-. .-.-. .-.-. .-.-. .-.-. .-.- 

 / / \ \ / / \ \ / / \ \ / / \ \ / / \ \ / / \ \ / / \ \ / / \ 

`-' `-`-' `-`-' `-`-' `-`-' `-`-' `-`-' `-`-' 

 

An Alternative Path to AI 

There is an alternative path to advanced AI that is more human: 

Using detailed neuronal maps and recordings of entire human 

brains to emulate a human brain end-to-end. 

 

Brain emulation. 

 

Connectomics -- mapping the ground-truth wiring of brains down to 

synapses -- has been advancing nonlinearly. For decades, only the 

small connectome of the roundworm C. elegans with 300 neurons was 

completed. In October 2024, a team of over 200 scientists 

published the complete wiring diagram of an adult fruit fly 

brain: 139,255 neurons connected by 54.5 million synapses 

(Dorkenwald et al., 2024). This represents the largest complete 

brain ever mapped. (Murthy et al., 2024, Dorkenwald et al., 2024, 

Schlegel et al., 2024, Lin et al., 2024, Berg et al., 2025) 

 

 

In functional imaging, the number of neurons being simultaneously 

recorded has doubled roughly every 7.4 years (Stevenson & 

Kording, 2011; Urai et al., 2022), and has since accelerated with 

progress toward whole-brain imaging in optically transparent 

larval zebrafish. For voltage imaging, whole-brain recordings 
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from roughly one-third of larval-zebrafish neurons have now been 

demonstrated (Wang et al., 2023), while the ZAPBench dataset 

(Lueckmann et al., 2025) demonstrated calcium imaging of more 

than 70,000 neurons across nearly the entire larval zebrafish 

brain at approximately 1 Hz. 

 

 

Five months after the fruit fly connectome was completed, the 

Allen Institute simulated nearly 10 million mouse neurons on 

Supercomputer Fugaku--the closest approximation to whole-brain 

mammalian simulation yet achieved. (Kuriyama et al., 2025) 

 

In December 2024, a Chinese team published that they had spun up 

14,012 GPUs to run an 86-billion-neuron simulation of a human 

brain (Lu et al., 2024). It was too crude and oversimplified to 

deserve the term “emulation” -- implying capturing with 

high-accuracy the causal structures of a human brain -- but it 

was the biggest attempt at a human-scale simulation in history. 

 

There is a massive gap between the available data and available 

compute. Computationally, human-scale brain simulations become 

feasible thanks to infrastructure built for AI. While not 

informed by ground-truth connectomics, simple human-scale 

simulations with 60-80 billion neurons already have been run on 

exascale compute clusters (Yamaura et al., 2020, Lu et al., 

2024). This is both impressive proof-of-concept and also 

highlights the dire need of more ground-truth data to improve 

these models. 

 

These milestones usher in a new era where mapping, simulating, 

and emulating brain neural circuits become engineering 

challenges, not speculative research. 

 

 

Progressing within their rigorous subfields, these developments 

show that animal and human-scale simulations are increasingly 

plausible. This is driven by improvements in electron microscopy, 
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expansion microscopy, whole-brain imaging, data processing, and 

simulation approaches. Combined with tractable work on challenges 

and validation in small organisms such as the zebrafish, followed 

by larger-scale funding comparable to the Human Genome Project, a 

full reconstruction and subsequent simulation of a human brain is 

plausible within this century.  

 

Why Pursue Brain Emulations? 

 

Highly-accurate simulations offer additional value for 

neuroscience. Rapid, verifiable, and replicable experiments using 

digital reconstructions of, for instance, a simulated mouse could 

reveal mechanisms underlying memory, cognition, and emotion. 

Hypotheses about circuit function, pharmacological interventions, 

or lesion effects could be tested computationally before wet-lab 

validation--accelerating iteration, improving replicability, and 

enabling verification (Markram, 2006; Eliasmith et al., 2012). 

Computational brain models can overcome principal barriers that 

currently limit research: the immune system (Polikov et al., 

2005), the skull (Cramer et al., 2021), lack of whole-brain 

access (Marblestone et al., 2013), non-reproducibility (Baker, 

2016, Cobey et al., 2024), and the underlying slowness of biology 

and biological research (Rodriques, 2022).  

 

Brain diseases and disorders affect more than 3.4 billion people 

(GBD 2021 Nervous System Disorders Collaborators, 2024). More 

speculatively, highly-detailed computational models would also be 

helpful to fulfill the promise of computational neuroscience: 

Better diagnostics and better treatments for brain disorders. 

Digital brain models could serve as testbeds for non-invasive 

neuromodulation (TMS, tDCS, ultrasound, deep brain stimulation), 

enabling systematic optimization of stimulation parameters for 

conditions like depression or Parkinson's disease before clinical 

application. 
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Functional imaging and basic science. Even without full 

emulation, partial models of neural circuits in flies, fish, and 

mice would constitute an unprecedented resource for basic 

neuroscience -- enabling in silico experiments on how specific 

cell populations generate and modulate behavior. 

 

Subjective experience and consciousness research. Running digital 

neural systems at varying levels of fidelity could provide 

empirical traction on questions about consciousness and 

personhood that remain largely philosophical today (Tononi, 2004; 

Koch et al., 2016). If a digital system reproduces the functional 

signatures associated with conscious states, this would 

constitute a novel class of experimental evidence. 

 

Longevity and digital continuity. If high-resolution brain 

emulations preserve the causal structure underlying personal 

identity, they could in principle extend conscious existence 

beyond biological limits -- a fundamentally different approach to 

longevity than molecular-level interventions (Sandberg & Bostrom, 

2008). This pathway is also potentially compatible with revival 

from cryopreserved tissue. 

 

Brain-inspired AI architectures. Detailed understanding of 

biological neural computation -- including energy efficiency (~20 

W for a human brain vs. megawatts for large AI systems), existing 

value and alignment systems, and few-shot learning -- could 

inform novel hybrid architectures combining biological principles 

with current machine learning approaches. 

 

Civilization resilience. Digital minds, unlike biological ones, 

can be backed up, copied, and distributed across physically 

separated compute infrastructure -- providing a form of 

civilizational redundancy against catastrophic risks (Bostrom, 

2013). 
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Robotics and embodiment. Human motor planning and sensorimotor 

integration remain far ahead of current robotic control systems. 

Brain emulations could provide the complex motor and cognitive 

priors needed for robots operating in unstructured environments. 

 

Lastly, the alternative path to aligned AI mentioned in the 

introduction. Current AI systems are trained on human-generated 

data but are not structurally human. A whole-brain emulation 

would be human by construction -- inheriting human values, 

motivations, and cognitive architecture -- potentially offering a 

qualitatively different approach to the alignment problem 

(Sandberg & Bostrom, 2008; Yampolskiy, 2015). 

 

Any such effort will be enormously hard, be it a highly-detailed 

zebrafish emulation, mouse emulation, or even a human emulation. 

 

From Worm to Human 

Few organizations have pursued ground-truth brain simulations. 

The most notable effort is the Human Brain Project, proposed as 

early as 2009 (Markram, 2009) -- long before the advent of 

high-throughput electron microscopy, expansion microscopy, or 

large-scale single-neuron functional imaging. Without these 

tools, progress remained limited. HBP was marred by management 

controversy and by being launched before the underlying imaging 

and recording technologies were mature (Sample, 2014), perhaps 

too early for its time. 

 

Multiple concrete and underfunded projects are out there in the 

open. 

 

While optical limits make single-neuron whole-brain imaging more 

challenging in larger animals such as mice or monkeys, promising 

imaging systems are advancing in C. elegans and the larval stage 

of the zebrafish Danio rerio. The larval zebrafish is the largest 

model organism similar to mammals in which whole-brain 
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single-neuron imaging has been achieved and will improve 

drastically in the near-term -- as a vertebrate with roughly 

100,000 neurons (Ahrens et al., 2013). Combined with connectomics 

efforts, this makes the C. elegans and the zebrafish promising 

stepping stones to validate ground-truth structural data combined 

with functional data leading to high-resolution simulations. 

 

Reconstruction and proofreading remain the dominant cost of 

connectomics projects. Even with machine learning segmentation 

approaching expert-level accuracy, human proofreaders must still 

verify millions of putative synapses and trace ambiguous neurites 

-- a process that consumed over 33 person-years for the 

Drosophila connectome alone (Dorkenwald et al., 2024). For a 

mouse brain roughly 1,000 times larger, proofreading costs at 

current rates would be prohibitive without further automation. 

AI-assisted proofreading pipelines that flag only the most 

uncertain regions for human review are essential for scaling 

beyond insects. 

Molecular data presents another major gap. Connectomes capture 

wiring but not the receptor types, ion channel densities, 

neuromodulator concentrations, and gene expression profiles that 

determine how each synapse and neuron behaves. Techniques such as 

spatial transcriptomics, in-situ sequencing, and multiplexed 

protein imaging are beginning to fill this gap for small tissue 

volumes, but scaling these methods to whole brains remains an 

open challenge. Without molecular ground truth, simulations must 

rely on statistical priors and literature values -- a significant 

source of uncertainty in current models. 

 

State-of-the-art connectomic-driven simulation work is 

underfunded. For example, for simulating the worm C. elegans, we 

know of approximately one underfunded nonprofit driven by a few 

part-time volunteers (Szigeti et al., 2014), work by a graduate 

student at MIT on related system-identification approaches 

(Simeon et al., 2024), and two groups at Princeton and in Beijing 

attempting C. elegans simulations (Simeon et al., 2024; Zhao et 

al., 2024; Creamer et al., 2024). 
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These advances, taken together, suggest that brain emulation is 

transitioning from a speculative aspiration to an engineering 

challenge with quantifiable milestones. The question is no longer 

whether we can map and simulate brains, but at what scale, 

resolution, and cost -- and how quickly the underlying 

technologies will continue to improve. 

 

By definition, large-scale moonshot projects will sometimes fail, 

sometimes succeed, and often fade into history as a mix of 

success and issues. For example, the Human Genome Project was 

repeatedly criticized as impossible and wasteful by experts in 

the 1980s (Collins & McKusick, 2001). Yet, after initial 

validation in smaller organisms, humanity decided to attempt to 

sequence the entire human genome and succeeded. The Human Genome 

Project spent ~$5B (in 2021 dollars) and took 13 years (Tripp and 

Grueber, 2011), leading to the discovery that most functional 

sequences in the human genome do not encode proteins and a 

drastic increase in the number of approved drugs with known 

protein targets (rising from less than 50% before 2001 to nearly 

100% for drugs licensed in the US after the HGP) (Gates et al., 

2021).  

 

For comparison, the Manhattan Project cost over $30B (inflation 

adjusted) (Schwartz, 1998) and took 3 years to develop the atomic 

bomb (Groves, 1962). Apollo cost roughly $257B in 2020 dollars 

(Dreier, 2022) and took about eight years from President 

Kennedy's May 25, 1961 commitment to the Apollo 11 landing in 

July 1969 (Loff, 2015). 

 

This thesis surveys the current state of the research that could 

lead to megascale emulation projects. 
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Scaling Structural Imaging 
Starting from first principles, it is desirable to know:  

 

1.​where neurons are, 
2.​what kind they are, 
3.​what shape they are 
4.​what proteins and molecules are present, 
5.​where they form synapses, 
6.​what types of synapses, and  
7.​what their activity is.  

 

Additional desirable information includes other cells and their 

functions, such as astrocytes or glial cells. 

 

As for structural information, the most important molecule types 

in brains include proteins, RNA, DNA, and lipids. DNA varies 

minimally between cell types and DNA sequencing is easy. Lipids 

bound the neuron, defining morphology as well as influencing 

function. RNA expression is highly varied and defining for the 

cell's function. Proteins--for example in the form of ion 

channels, receptors, neuropeptides, and transcription 

factors--implement much of cellular activity depending on spatial 

context. 

 

When considering structural imaging, the following results or 

axioms guide us: 

 

Synapses are between 200 and 800 nm wide (Sheng and Kim, 2011), 

the synaptic cleft -- the gap between the pre- and postsynaptic 

cells -- is about 20-30 nm wide (Yang & Annaert, 2024), and 

unmyelinated axons are between 50 and 1,000 nm (Helmstaedter et 

al., 2013). The C. elegans brain is on the order of 10^-6 mm3. A 

typical Drosophila brain is up to roughly 0.1 mm3 (Rein et al., 

2002). The mouse brain contains 7.5e7 neurons (Herculano-Houzel 
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et al., 2006) in 420 mm3 (Badea et al., 2007). The human brain is 

1,400,000 mm3 containing ~8.6e10 neurons (Azevedo et al., 2009). 

The largest brain in a living organism is the 8,000,000 mm3 brain 

of a sperm whale (Kojima, 1951). Volume scales cubically with 

side length, making imaging a mouse or human brain non-linearly 

more difficult than completed efforts in C. elegans or 

Drosophila. 

 

Electron Microscopy 

 

Electron microscopy development reached resolutions less than ten 

nanometers in the 1930s and broke 3 nm resolution in 1944 

(Haguenau et al., 2003). Thus, for most of neuroscientific 

history, reliably resolving synaptic structures required electron 

microscopes (Emmons, 2015). 

 

Using electron microscopy, the first complete connectome of an 

organism was achieved in 1986. White et al. reconstructed 302 

neurons of the hermaphrodite C. elegans, including more than 7500 

chemical synapses, gap junctions, and neuromuscular junctions as 

a composite across multiple individual worms (White et al., 

1986). Since C. elegans neural wiring does not differ drastically 

between individual worms of the same sex (Varshney et al., 2011), 

this initial connectome has continuously improved. Using similar 

electron microscopy methods, the roughly 80 additional neurons 

(including gap junctions) specific to the male C. elegans -- 

which are mostly present in the posterior nervous systems to 

execute mating functions -- were mapped in 2012 (Jarrell et al., 

2012).  
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Figure 1. State of electron microscopy connectomics. Adapted 

from Zanichelli et al. (2025). 

 

A comprehensive effort re-mapped the complete connectomes of both 

sexes, correcting errors, charting new areas, and introducing 

synaptic strength weighting (Cook et al., 2019). More recent work 

reconstructed C. elegans head connectomes across five 

developmental stages, useful for developmental studies (Witvliet 

et al., 2021; Brittin et al., 2021). C. elegans connectomes are 

therefore continuously increasing in quantity, accuracy, and 

quality as alignment, neuron identification, and reconstruction 

pipelines improve (Brittin et al., 2021; Witvliet et al., 2021). 

C. elegans is the organism where we have the most individual 

brains reconstructed: roughly 10 individual adult worms (Brittin 

et al., 2020; Cook et al., 2019; Jarrell et al., 2012; Brittin et 

al., 2018; Varshney et al., 2011; Witvliet et al., 2021). In C. 

elegans, research benefit plateaus with large populations because 

18 



the worms' brains are highly similar -- they are highly 

stereotyped. 

In the last few years, though, Drosophila connectomic efforts 

have borne fruit. Using a custom, high-throughput, serial-section 

transmission electron microscopy (ssTEM), Zheng et al. imaged a 

complete fly brain in 2018 (Zheng et al., 2018). As a proof of 

concept, they reconstructed 120 neurons in that imaged volume. 

In 2020, Scheffer et al. achieved a record-breaking, dense 

reconstruction of the central portion of a fly's brain, including 

more than 22,594 neurons and more than 20 million synapses 

(Scheffer et al., 2020). Their work represents a significant 

fraction of the fly brain's roughly 140,000 total neurons. 

Subsequently, the FlyWire consortium completed a fruit fly 

connectome. (Dorkenwald et al., 2024, Schlegel et al., 2024, Lin 

et al., 2024) This is the largest complete brain reconstructed as 

of 2025.  

With a full fruit fly connectome in-hand, the field is 

increasingly aiming higher. A multiday workshop series (National 

Institutes of Health, 2021) and independent investigation by the 

Wellcome Trust (Bosch et al., 2023) have begun roadmapping an 

ambitious goal: reconstructing an entire mouse brain. This mouse 

brain project, funded by the NIH with multiple millions USD per 

year, was carefully scrutinized and eventually operationalized 

with specific milestones, including scanning 10-15 mm³ of mouse 

brain tissue. 

In parallel, electron microscopy connectomics has advanced into 

many other organisms. Notably, the field has achieved a fully 

reconstructed fraction of a larval zebrafish brain with 208 

neurons (Hildebrand et al., 2017), complete imaging of a larval 

zebrafish, with 2,589 axons traced (Svara et al., 2022), mapping 

of 15,000 neurons in the ventral nerve cord of Drosophila 

(Azevedo et al., 2024), and also a 90 x 90 x 60 micrometer cube 

of mouse cortex, covering 0.0005 mm3. This block included almost 
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400,000 synapses and, most impressively, was completed in 4,000 

work-hours. (Motta et al., 2019) 

Notably, a complete cubic millimeter of human cortex was imaged 

and segmented, though not proofread (Shapson-Coe et al., 2024). 

This included 49,000 neurons and 150 million synapses, eclipsing 

the synapse count of an entire fly brain threefold. Ongoing 

projects aim to reconstruct 10-15 mm3 of the mouse brain in the 

upcoming years (Manning, 2023, Januszewski, 2023), as well as a 

full connectome of a zebrafish (Lueckmann et al., 2025). 

 

High-Throughput EM 

Imaging an entire mouse brain will require a mega-scale project 

in biology.  

 

A consortium centered around a mouse brain plans to use two 

91-beam electron microscopes (Princeton Neuroscience Institute, 

2023, Manning, 2023) to image a 10-15 mm3 cube of mouse tissue -- 

a fiftieth of a mouse brain. According to the Wellcome Trust 

report on connectomics (Bosch et al., 2023), twenty electron 

microscopes running in parallel would require five years to image 

an entire mouse brain. Our current electron microscopes are not 

fit for the vast scale of a human brain (Collins et al., 2025), 

which is ~2,800 times larger than a mouse. 

 

A quick napkin-math estimate illustrates the scale. A mouse brain 

volume of 500 mm3 corresponds to 5×10^20 nm3. At 10 nm isotropic 

resolution, that implies 5×10^17 voxels. Assuming present-day 

electron-microscope imaging rates of 100-200 million voxels per 

second (take 1.5×10^8 voxels/s as a midpoint), imaging the whole 

brain would require about 3.3×10^9 seconds, i.e. roughly 104 

years for a single microscope running continuously. 

 

With a deadline of 5 years, this gives (104/5 =) the estimated 

~20 microscopes running in parallel. 
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Twenty microscopes running in parallel is a large feat, but 

feasible at large-project scale, especially considering that 

existing academic and governmental facilities already operate on 

the order of 5-10 microscopes (Princeton Neuroscience Institute, 

2023; National Research Council Canada, 2023; School of Materials 

Science and Engineering, Tsinghua University, 2020). The Wellcome 

Trust report concludes that a mouse connectome would be an 

enormous feat costing billions, but still within the reach of 

large-scale government projects or efforts such as the consortium 

behind The Mind of a Mouse (Abbott et al., 2020). 

 

However, electron microscopy has been improving rapidly even in 

the absence of intense demand. Peak imaging speeds of up to 1 GHz 

have been achieved as early as 2015 (Eberle et al., 2015) and 

decade-old electron microscopes are far from reaching physical or 

engineering limits. Public data on market size is scarce, but 

major producers (Zeiss, Thermo-Fisher) manufacture only hundreds 

to thousands of bioscience EMs annually, suggesting a relatively 

small market. 

We are far from the engineering limit for beam lines on a 

microscope. As early as 2015, Zeiss produced 61-beam SEMs capable 

of approaching peak imaging rates of a GHz or so (Zeidler et al., 

2015), with burst rates of up to 1.8 GHz and effective imaging 

rates of 0.3 GHz achieved in 2024 (Zheng et al., 2024). 

 

This prototype has a 250,000x250,000 nm (hexagonal) field of view 

with a 5x5 nm resolution, greater than the resolution typically 

necessary for connectomics. It was made for the semiconductor 

industry, without any customizations for biology which could 

potentially further increase performance. This prototype is 

outdated by more than half a decade: Much state-of-the-art 

technology is proprietary and confidential. It is unclear how far 

this technology has advanced since, though experts we interviewed 

commonly think that up to 1000 beams are not implausible 

(Sandberg and Bostrom, 2008). 

 

21 

https://onlinelibrary.wiley.com/doi/10.1111/jmi.12224
https://www.fhi.ox.ac.uk/brain-emulation-roadmap-report.pdf


Directly extrapolating from best-case 61-beam speeds to the 

2019-version with 331 beams gives:  

 

1 GHz * 331/61 = ~5.4 GHz 

 

However, several other factors, including data transfer, beam 

alignment and stage movement would likely prevent a linear 

scaling of throughput with the number of beams, particularly with 

respect to effective imaging rates achieved over months to years 

of operation (Rangoli, 2024).  

 

Major EM manufacturers have not faced the demand necessary to 

produce such high-throughput microscopes. Responding to the 

demand seen by mouse connectome efforts, sufficiently large 

orders, or major projects towards human-scale connectomics, we 

would not be surprised if major innovation is latent in the 

electron microscope space. We estimate that improvements, most 

importantly in automated sample handling, reliability, and uptime 

could plausibly increase the speeds farther by 2-fold to 5-fold. 

 

Assuming some improvement of traceability of larger voxels, we 

use 16nm as the minimum here. 

 

Based on this, a back-of-the-envelope calculation gives: 

 

1.4e24 nm3 / (16*16*16) nm voxel size / 1e10 (ie 10 GHz) / 0.5 

(50% uptime) / 60 / 60 / 24 / 365.25 / 10 years = ~200 

microscopes 

 

I.e. 200 of such high-throughput 10-GHz mass-produced SEMs would 

be needed to image a human brain in roughly 10 years.  

 

With as little as a single major private or government order 

incentivizing manufacturers to move from a craftsmanship approach 

to mass-produced economies of scale, cost could drop steeply. 

Given the improved performance but improved scale, assuming cost 

of $1M per scope, this gives 200 microscopes * $1M = $200M USD 
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for the cost of microscopes to image a human brain in roughly 10 

years. 

 

 

Slicing and Dicing 

Before imaging, electron microscopy requires brain samples to be 

thin and stained with heavy metals (Peddie and Collinson, 2014; 

Bosch et al., 2023). Naturally, brains are neither. 

 

To achieve slice thickness of ca. 50 nanometers (ssSEM) and 5 nm 

(FIB-SEM), the brain needs to be processed. Extensive sample 

preparation involves 1) fixation with aldehydes, typically a 

combination of glutaraldehyde and paraformaldehyde (Bosch et al., 

2023), 2) staining with heavy metals to enhance contrast, 

typically osmium tetroxide (Tapia et al., 2012), and 3) embedding 

in an epoxy resin (Tegethoff and Briggman, 2024). Between these 

steps, the brain needs to be partitioned into small slices. 

 

As the Wellcome Trust Report notes (Bosch et al., 2023), a 

vibratome could partition the brain directly after fixation, e.g. 

into 13 thick slices for a mouse brain. This is followed by 

heavy-metal staining and resin embedding. Due to the roughness of 

vibratome cuts leading to artefacts such as chatter and knife 

marks, tracing across cuts remains difficult. Yet, in our 

interviews, experts expressed optimism for developments in 

hot-knife ultra-sharp vibratome techniques (National Institutes 

of Health, 2021) improving cut quality sufficiently to allow 

traceability across thick slices. 

 

Alternatively, one can attempt to fixate, stain, and embed an 

entire brain before any cutting. A 12-step protocol leveraging 

timelapse micro x-ray imaging to track staining progress recently 

achieved this for a whole mouse brain, but diffusion speed 

currently limits scalability to larger samples, with the protocol 

requiring ∼6.4 weeks for the mouse brain and an extrapolated 2 
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years for the marmoset one (Lu et al., 2023). Other approaches 

have been proposed, such as whole-brain fast cryofixation to 

preserve structure while avoiding detrimental ice crystals. 

(Bosch et al., 2023)  

 

Despite technical challenges such as sectioning artefacts, 

whole-brain sample preparation for EM is achievable with major 

investment in whole-brain staining protocols and precision 

sectioning methods. 

 

Automating sample preparation would substantially reduce costs. 

GridTape TEM, which deposits serial sections onto TEM-compatible 

slot grids for parallelized multi-beam imaging, has already 

increased throughput for ssTEM pipelines significantly (Phelps et 

al., 2021). For large tissue volumes, hot-knife techniques 

subdivide resin-embedded samples into manageable slabs before 

serial sectioning (Peddie et al., 2022) -- an approach our 

interviewees expressed optimism about for improving cut quality 

across thick slices.  

 

More broadly, our report estimates that optimizing beamlines, 

automated sample handling, and related infrastructure could 

increase effective data acquisition speeds by an order of 

magnitude (Zanichelli et al., 2025). The analogy to semiconductor 

fabs is apt: once nanometer-scale sample handling moves from 

artisanal to robotic, per-unit costs drop steeply and reliability 

improves even faster. 

 

Neuron Reconstruction 
 

After image data has been collected, neuron reconstruction 

begins. The goal of reconstruction is to recreate the 3D 

connectome from microscopy data. Reconstruction consists of three 

main steps: data preparation, tracing, and proofreading.  
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Figure 2. A visualization of the image registration step during 

neuron reconstruction. Source: Wellcome Trust report (Bosch et 

al., 2023). 

 

 

Registration (aligning adjacent scans) is a critical bottleneck 

during data preparation, particularly for imaging approaches that 

involve thin-sectioning such as serial section electron 

microscopy. Misalignments are caused by artifacts in EM scans and 

slight movement/rotation of samples across imaging rounds. Robust 

registration ensures spatial consistency of structures, and poor 

alignment during the data preparation step is the dominant cause 

of errors in automated neuron reconstructions (Popovych et al., 

2022). Recent advancements in machine learning have significantly 

improved alignment accuracy by addressing (non-exhaustively) 

artifact removal, de-warping, and noise-reduction, in some cases 

reducing genuine misalignments to 0.06% (Popovych et al., 2022, 

Scheffer et al., 2020). 
 

Next: Segmenting cell boundaries and trace neuron skeletons. 

Historically, tracing was performed entirely manually, with the 

tracing of C. elegans connectome famously requiring over 15 years 

of painstaking work (Emmons, 2015). However, the prohibitive 

costs - over 11.2 hours per neuron on average (Zheng et al., 

2018) - have driven the development of algorithmic methods 

designed to either assist human tracers or automate the process 

entirely. 

 

Flood-filling networks (FFNs) represent a critical innovation in 

automated segmentation, achieving over a 10-fold accuracy 
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improvement versus prior methods, though at high computational 

cost (Januszewski et al., 2018). Reducing the compute cost of 

high-quality segmentation remains an active engineering target. 

 

Figure 3. Brain maps at key processing stages: after registration 

(left), after segmentation and tracing (center), and after 

annotation (right). Source: Schlegel et al. (2024). 

Once tracing is complete and the connectivity matrix is 

reconstructed and proofread, one last crucial step involves 

annotation, as navigating a connectome could be challenging 

otherwise. This process can include many steps, including synapse 

detection (Staffler et al., 2017), cell-type annotation (Schlegel 

et al., 2024), neurotransmitter classification (Eckstein et al., 

2024) and more (Bazinet et al., 2023)--all of which could help 

downstream detailed brain emulations. 

All in all, this led to the cost of neural reconstruction falling 

rapidly. Reconstructing a single C. elegans neuron cost roughly 

$16,500 in the 1980s; by 2025, a Drosophila neuron costs about 

$214 and a zebrafish neuron around $100 (Zanichelli et al., 

2025).  

 

Mammalian neurons remain expensive at $500-1,000 each. A 

billion-dollar mouse connectome -- ambitious but plausible for a 
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large government project -- would require getting to about $10 

per neuron. A human connectome at the same budget demands roughly 

$0.01 per neuron, a gap of five orders of magnitude from current 

costs. But the trend is accelerating: proofreading still accounts 

for the large majority of EM connectomics costs (Bosch et al., 

2023; Park et al., 2025). The structural pipeline for a mouse 

connectome is increasingly gated by funding and coordination 

rather than by physics. For a detailed breakdown of methods, 

costs, and projections, see our State of Brain Emulation Report 

(Zanichelli et al., 2025). 

We note substantial optimism in our interviewees about investment 

into neuron reconstruction being able to substantially resolve 

most current bottlenecks, especially due to progress in AI and 

barcoding methods. 

 

 

Light Microscopy 

 

Electron microscopy (EM) is constrained by physics to a 

resolution limit of 0.12 nm (Penczek, 2010), with life science 

EMs typically achieving ~3-30 nm lateral and ~20-50 nm axial 

resolution (Peddie and Collinson, 2014). In contrast, traditional 

light microscopy is constrained to a lateral resolution of ~250 

nm and an axial resolution of ~550 nm by the diffraction limit 

(Huang et al., 2010).  
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Figure 4. Comparison of raw image data in serial-section 

transmission electron microscopy (top) and expansion confocal 

light microscopy (bottom). Image from Collins et al. (2025). 

 

Expansion Microscopy (ExM) allows for super-resolution imaging on 

conventional light microscopes by anchoring biomolecules to a 

swellable hydrogel and physically expanding the sample (Chen et 

al., 2015). While first implementations of this technology worked 

with four-fold linear expansion (Chen et al., 2015), more recent 

protocols can reach linear expansion factors well above 10x, 

bringing effective resolution toward the connectomic regime 

(Shaib et al., 2024; Tavakoli et al., 2024). 

 

ExM is compatible with molecular annotation, such as protein 

staining (Tillberg et al., 2016). In ground-truth simulation 

approaches such as compartmentalized differential equations, this 

protein data is required to accurately model compartmental 

voltage (Almog and Korngreen, 2016). By merging together 

molecular annotations with an imaged connectome, ExM is a 

promising route to collect nanometer-resolution spatial 

information about ion channels, receptors, neuropeptide 

distributions, and other molecules within the brain. 
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Dense Labeling 

Progress has been made towards dense labeling of tissue in 

combination with ExM to achieve EM-like contrasts. Two approaches 

are non-specific labeling of anchored proteins (pan-protein 

staining) using NHS-ester dyes (Tavakoli et al., 2024) and 

labeling of lipid membranes using intercalating gel-anchorable 

probes (Shin et al., 2024; Tavakoli et al., 2024). 

 

Labeling of lipid membranes using ultrastructural membrane 

expansion microscopy (umExM) was able to demonstrate highly 

accurate traceability of myelinated (Rand score 0.995 +/- 0.004) 

and unmyelinated axons (Rand score 0.993 +/- 0.006), already at a 

linear expansion factor of 4x and an effective resolution of ~60 

nm (Shin et al., 2024). While current approaches lack sufficient 

resolution, improved iterative strategies with expansion factors 

around 12x are in development (Shin et al., 2024). 

 

Both dense labeling approaches would probably benefit from even 

higher expansion factors in the range of 20-24x, to reach the 

theoretically necessary effective resolution of 10-30 nm to 

reliably detect fine spine neck structures (Helmstaedter et al., 

2013).  

 

Subsequently, combining pan-protein and lipid staining could help 

drastically improve future accuracy of reconstruction. 

Protein Barcoding 

Tracing neurons in electron microscopy relies on the high 

resolution of electron microscopes and subsequent time-consuming 

reconstruction and error correction.  

 

If it were possible to uniquely identify the same neuron -- at 

both its soma and at its far end -- that would loosen the 

hampering constraint of requiring virtually error-free tracing.  
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Even if it weren’t possible to trace a neuron continuously 

through tissue, the expressed barcode would allow correct 

identification of distal synapses. In fact, a hypothetical loss 

of an entire section or slicing errors would be much less 

catastrophic, as barcoding would not rely on perfect 

traceability. 

 

Brainbow and its successors are tool boxes allowing a subset of 

neurons of transgenic animals to randomly express different 

levels of fluorescent proteins. This results in neurons 

displaying a continuous spectrum of colors, with the initial 

claim of roughly a hundred distinguishable hues, allowing 

segmentation and tracing of individual neurons based on their 

differing colors. Breakthroughs in Cre/lox genetic editing and 

fluorescent protein engineering gave rise to the first such 

tools. (Livet et al., 2007, Pan et al., 2011, Cai et al., 2013, 

Leiwe et al., 2024)  

 

Combining Brainbow-style barcoding with multiplexed fluorescence 

readouts in expansion microscopy has enabled unique 

identification of neurons and reconstruction of their structure, 

while related methods can resolve on the order of 10-15 stained 

targets in a single round (Linghu et al., 2020; Seo et al., 

2022). Notably, super-multicolor Tetbow allows reconstruction 

despite two sections of a neuron being separated, beginning to 

leverage the core strength of barcoding (Leiwe et al., 2024). In 

principle, methods like Tetbow could scale to whole-brain 

connectomics when combined with expansion microscopy, pan-protein 

staining, and/or lipid staining. 

 

These first-generation barcoding approaches rely on 

differentiating expression levels of fluorescent proteins. 

However, expression in different cell types is uneven, 

trafficking of these proteins is uneven, and fluorescent staining 

is uneven. Within the same neuron, a distal axon may display a 

slightly different barcode than the soma, complicating correct 

identification. Establishing a protein barcoding strategy with 
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better scalability powered by replacing a gradient colour with a 

binary system (Is the protein present or not?) may improve 

unambiguous barcode readout. 

Combinatorics 

 

For any protein, the presence or absence of a protein is the 

binary signal. Bitbow attempts to use this binary approach by 

using 5 binary XFPs combined with targeted localization 

(membrane, golgi, nucleus). (Li et al., 2021) Naively, this 

gives:  

 

25 * 25 * 25 - 1 = 32,767  

 

different combinations for identification of somas.  

 

 

Figure 5. Binary protein barcoding illustration. Courtesy of e11 

bio. 

 

Improved barcoding approaches might leverage protein constructs 

such as spaghetti monsters (Viswanathan et al., 2015) to generate 
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high-signal binary codes for every neuron. These constructs could 

be delivered with AAVs. Assuming 25 randomly expressed proteins 

delivered via AAV, the theoretical diversity of barcodes gives: 

 

225 = ~33M different combinations. 

 

Yet, 225 assumes each protein is expressed independently with 

probability 0.5 -- the maximum-entropy case. AAV infection rates 

and expression probabilities are rarely 50%.  

 

Assume each protein is expressed with probability p, the 

effective barcode space is better described by the binomial 

coefficient C(n, k) where k = round(n * p). For example, at a 

typical AAV expression probability of p = 0.3, the number of 

barcodes with exactly k = round(25 * 0.3) = 8 proteins expressed 

is C(25, 8) = 1,081,575 -- roughly 3% of the theoretical 225.  

 

More generally, the Shannon entropy H(p) = -p*log2(p) - 

(1-p)*log2(1-p) gives an effective barcode space of approximately 

2n*H(p), which at p = 0.3 yields ~222 = 4.3 million. 

 

As the human brain has 8e10 neurons, most neurons do not synapse 

onto most neurons. Most neurons are estimated to have between 

8,000 to 40,000 synapses on average in mammals (DeFelipe et al., 

2002, Schüz and Palm, 1989), 4.3 million unique barcodes is a 

>100x margin for the number of barcodes versus average number of 

synapses.  

 

As this quick combinatorics estimate highlights, barcoding need 

not label every neuron individually in the brain. It needs to 

uniquely label all the neurons in the synaptic neighborhood of a 

neuron. Achieving that is within the range of modern 

technologies. 

Barcoding Issues 
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Such barcoding approaches face three distribution problems when 

delivery via AAVs:  

1.​Distribution to all neurons. 
2.​Even distribution among all neurons.  
3.​Distribution within neurons. 

 

Delivering AAVs carrying barcodes to nearly all neurons remains 

challenging. This requires improved delivery methods; early 

intravenous PHP.eB AAV achieves 65-73% reach of cells in the 

mouse cortex (Chan et al., 2017), with newer variants like 

AAV.CAP-B10 achieving improved brain-wide transduction and 

reduced liver targeting (Goertsen et al., 2022). Virus-based 

platforms (AAV, lyssavirus, Sindbis, HSV, etc.), better 

intravenous delivery, high-density intra-CNS injections, and 

creative approaches to multi-site injection throughout the brain 

will be required -- or perhaps all simultaneously. Combining 

approaches makes 90% coverage feasible, though difficult, with 

extensive technology development. 

 

Barcoding currently faces difficulties for even distribution of 

AAVs after injection, with high-density AAVs close to the 

injection site dropping off nonlinearly with increasing distance.  

 

Once within a neuron, successful distribution of the trafficked 

protein epitopes to far axonal and dendritic ends -- especially 

into synapses -- is an open question to be evaluated. This might 

be alleviated by driving overexpression of the barcode proteins 

as far as possible without leading to neuronal dysfunction, and 

by targeting the expressed barcodes for synaptic trafficking 

(Peikon et al., 2017). 

 

One major disadvantage of barcoding is the multiple rounds of 

staining, washing, and imaging required.  

 

Whether state-of-the-art barcoding captures most neurons and 

especially most synapses could be verified in statistical 
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comparisons against electron microscope data in small, similar 

reconstructed samples.  

 

PRISM 

A major recent leap for barcoding technology includes 

Photo-connectomic Reconstruction by Iterative Staining with 

Molecular Annotations (PRISM) (Park et al., 2025). PRISM 

integrates three core advancements--binary protein cell 

barcoding, expansion microscopy, and self-proofreading AI 

segmentation models.  

 

PRISM achieved automatic tracing accuracy 8-fold higher than 

conventional single-color methods. In a roughly 10 million um3 

volume of mouse hippocampus, the technique also enabled molecular 

mapping of synapses.  

 

This drastically reduces the need for manual human proofreading, 

which currently accounts for a large fraction of connectomics 

costs (Bosch et al., 2023).  

 

Protein Staining 

Proteins are required for all life processes, providing cellular 

structure, messengers, catalysts, scaffolds, receptors, switches, 

motors, pumps (Alberts et al., 2002). Protein staining in 

connectomes will be helpful for mapping neuronal function, 

identifying cell types, and subsequent brain simulations.  

 

Examples of initial targets for staining in connectomics may 

include, but are not limited to:  

●​ key synaptic and axonal markers, such as PSD-95, 

neurofilaments such as BASOON, SHANK-2, NF-L, NF-M, NF-H, or 

Synapsin-1, and markers of gap junctions such as connexins, 

●​ as well as core synaptic proteins such as AMPAR, NMDAR, 

GABAR, etc.,  
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●​ and key intracellular proteins mediating neuronal state, 

such as CaMK2. 

 

Strategies relying on multiplexed antibody staining combined with 

super-resolution can now label on the order of 10-15 targets with 

high spatial resolution (Linghu et al., 2020; Seo et al., 2022). 

 

In parallel, barcoding would require staining for around 20 

proteins in large expanded tissue, perhaps as much as 30 proteins 

(Rodriques, 2009).  

 

Both of these information-rich protein stains and barcoding 

protein stains require more imaging rounds.  

 

Imaging rounds are often done overnight and take up days each. In 

principle, they may be done within 3-4 hours for staining and 

washing each. With sufficiently good protein targets, specific 

antibodies, and rigorous washes, some tissue degradation occurs 

during repeated imaging of expanded tissue, but multiple rounds 

of staining are fundamentally feasible in practice (Linghu et 

al., 2020; Seo et al., 2022). 

 

 

Adding imaging rounds would be particularly time-expensive at the 

scale of a mouse or human brain, due to increasing the microscope 

time linearly. Furthermore, registration and processing of 

multi-round images is time-consuming. Hence breakthroughs such as 

multiplexing are desirable.  

 

State-of-the-art multiplexing such like PICASSO can in principle 

reach up to 15 targets per round (Seo et al., 2022). With 30-bit 

long barcoding, 10 protein targets, and 10-fold multiplexing, 

that would give only 4 rounds of imaging required.  

 

Protein staining technology may experience significant 

breakthroughs via e.g. approaches requiring fewer or faster 

washes such as adaptations of DNA-based FLASH-PAINT (Schueder et 
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al., 2023, Panluminate, 2022). Multiplexing of such techniques 

may allow dozens of stains with fewer washes. 

 

Protein Sequencing 

One of the highest-upside innovations in the space: What if we 

wanted to identify all tens of thousands of proteins in a cell?  

 

Protein staining is limited by extensive imaging rounds. Staining 

for 30,000 proteins with 10-fold multiplexing per round would 

require 3,000 rounds, i.e. years of washing and imaging time for 

a single slice, not to speak of the astronomical antibody costs. 

Future technologies such as in-situ protein sequencing could 

reduce that burden dramatically, but this remains early-stage and 

unproven at brain scale. 

 

In 1950, Edman et al. pioneered protein sequencing by cleaving 

off the n-terminus amino acid, identifying it in bulk via mass 

spectrometry, and repeating this process. (Edman et al., 1950) 

Protein sequencing has since made large strides, such as 

nano-pore protein sequencing (Motone et al., 2024), protein 

sequencing via reverse translation (Zheng et al., 2024), 

high-throughput identification of proteins immobilized on a glass 

plate (Swaminathan et al., 2018), or visualizing the shape of 

single proteins in expansion microscopy combined with other 

superresolution techniques (Shaib et al., 2024). 

 

In principle, one could imagine anchoring all the proteins in a 

cell to a gel, and combining the original Edman cyclical process 

with expansion microscopy, and do repeated identification of 

amino acids.  

Modern genome sequencing costs decreased super-exponentially 

(Wetterstrand, 2022) and all major model organisms have been 

sequenced (Quake, 2024). Using organism-specific protein 

databases, researchers can reduce the amino acid sequences needed 
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for reliable protein identification to just a few residues, 

enabling high-confidence identification. 

 

Developing such technology faces significant difficulties in 1) 

binder specificity and dwell time and 2) increasing decrowding or 

resolution. Antibody epitopes typically identify sequences of at 

least ~5 amino acids with unique specificity (Huang et al., 

2020), making the development of effective and long-dwelling 

binders against single cleaved amino acids difficult. Creative 

approaches such as de novo design, larger standardized antigen 

scaffolds, or local tethering strategies may help, but this 

remains speculative. 

 

Proteins are typically ~2-10 nm large (Varongchayakul et al., 

2018) and packed densely in the cell with a typical distance of 

11 nm between GABA receptors at the synapse (Liu et al., 2020). 

10x expansion microscopy yields an effective theoretical 

resolution limit of 300 / 10 = 30 nm, insufficient for decrowding 

tissue at typical distances of ~11 nm. This can be addressed with 

higher expansion factors or alternative chemistry, such as 

N-hydroxysuccinimide esters (Shin et al., 2024) Decrowding 

requirements depend on whether the goal is to localize intact 

proteins versus tracking proteolyzed fragments post-expansion; 

the latter may reach finer effective separations than the 

diffraction-limited microscope resolution alone would suggest. 

 

The implications of pan-cell protein identification technology 

would be enormous for connectomics. With a sufficiently scalable 

and cheap breakthrough in-situ protein sequencing, the number of 

“stained” proteins might increase by orders of magnitude.  

 

Interviewing researchers at the Boyden Lab at MIT, we remark that 

work on such breakthrough technologies is in need of more support 

and funding, especially relative to its high potential upside. 
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Notes On Structure 

 

In short, imaging techniques required for connectomics are 

improving.  

 

Improving: Be it the 2019 331-beam EM microscope, or 

breakthroughs in light microscopy such as ExA-SPIM (Glaser et 

al., 2024) achieving 946 megavoxels per second to image an entire 

3x-expanded mouse brains in 24 hours. 

 

While out of scope for this paper, we note that X-ray microscopy 

is promising in the long term as a high-throughput imaging 

mechanism. Under bright X-ray sources from synchrotrons, 

resolutions of 10nm are plausible--sufficient for connectomics. 

(Howells et al., 2009) Previous achievements include sub-100 nm 

imaging fly and mouse brain tissue using x-ray (Kuan et al., 

2020) and successful imaging of individual synapses (Bosch et 

al., 2023). 

 

Scaling Functional Imaging 
Connectomes offer a remarkably detailed snapshot of a brain’s 

circuitry. Yet, since data acquisition occurs post-mortem, they 

cannot image the dynamic changes in activity that occur in a 

living brain. 

 

Hence, moving from structure to function is a challenge (Scheffer 

and Meinertzhagen, 2021, Bargmann, 2012, Bargmann and Marder, 

2013). One way to overcome this issue is to combine reconstructed 

connectomes with functional information obtained in-vivo. A 2019 

review attributed the lack of a successful simulation of C. 

elegans - the most well-characterized model organism, 

connectomics-wise - at least partially due to the lack of 

neurophysiological data (Stiefel and Brooks, 2019). 
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Organisms 

 

After basic technologies for genome sequencing were established, 

sequencing costs started to drop at super-exponential rates in 

the late 2000s (Wetterstrand, 2022). Analogously, in functional 

imaging, the number of neurons being simultaneously recorded has 

roughly doubled every 7.4 years (Stevenson and Kording, 2011, 

Marblestone et al., 2013), but has rapidly accelerated since 

using light instead of electrodes to extract neuron activity 

data. Powered by genetically encoded fluorescent indicators and 

advanced microscopy techniques, optical imaging allows parallel 

recording of the neural activity of large populations of neurons 

at cellular resolution, and, in small transparent organisms such 

as C. elegans and larval zebrafish, can noninvasively monitor the 

whole-brain neural activity (Kato et al., 2015; Nguyen et al., 

2016; Ahrens et al., 2012, 2013; Vladimirov et al., 2014). 

 

C. elegans has only about half of its neurons in the frontal 

“brain”, and the other half distributed throughout the body as 

ganglia, motor neurons, etc. (Arnatkevic̆iūtė et al., 2018). 
Proof-of-concept whole-brain or whole-body calcium imaging of C. 

elegans has been achieved. In 2013, Schrödel et al. combined 

two-photon excitation with temporal focusing to record calcium 

signals from 70% of all head neurons at 4-6 Hz in immobilized 

worms (Schrödel et al., 2013)(Prevedel et al., 2014).  

 

More recently, single-objective oblique light-sheet microscopy 

(SCAPE -- Swept Confocally-Aligned Planar Excitation) accelerated 

cellular-resolution imaging of entire worm nervous systems to 

~25.75 Hz while maintaining free animal movement (Voleti et al., 

2019). Additionally, a fully automated tracking platform for 

freely moving imaging has further advanced C. elegans whole-body 

imaging (Li et al., 2021). 
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Despite this, large standardized whole-body activity datasets for 

C. elegans remain limited, and voltage indicators have been 

difficult to implement successfully in the worm, so work 

continues (Simeon et al., 2024). 

Young larval zebrafish may be an excellent imaging organism. They 

possess a small, transparent brain. Early whole-brain calcium 

imaging in larval zebrafish operated around 0.8-3 Hz (Ahrens et 

al., 2013; Vladimirov et al., 2014). ZAPBench recently extended 

this to calcium imaging of more than 70,000 neurons at 1 Hz 

(Lueckmann et al., 2025). Whole-brain voltage imaging remains 

earlier-stage, but one recent preprint recorded voltage from 

roughly one-third of larval-zebrafish neurons simultaneously 

(Wang et al., 2023). 

Imaging the whole adult Drosophila brain at cellular resolution 

is difficult due to tissue scattering in its brain. Nonetheless, 

two-photon microscopy has been used to monitor the calcium 

dynamics from nearly the entire adult fly brain at 1.95 Hz, with 

a sampling voxel size of 2.6×2.6×7.5 μm3 (Mann, Gallen, and 
Clandinin 2017). 

 

 

A dramatic recent advance in mammalian functional imaging is 

light beads microscopy, which has enabled simultaneous two-photon 

calcium imaging of up to 1 million neurons across the mouse 

dorsal cortex at 2 Hz cellular resolution (Manley et al., 2024). 

Combined with 'crystal skull' curved glass windows replacing the 

dorsal cranium -- viable for at least 11 weeks post-surgery -- 

this provides optical access to an estimated 800,000-1,100,000 

neurons spanning over 30 neocortical areas (Kim et al., 2016). 

This represents a roughly 13-fold improvement over the previous 

state of the art of ~75,000 simultaneously recorded mouse 

neurons. 

 

40 

https://doi.org/10.48550/arXiv.2503.02618
https://paperpile.com/c/VaieG8/iUtpZ
https://paperpile.com/c/VaieG8/Zexr0
https://paperpile.com/c/VaieG8/Zexr0
https://doi.org/10.1016/j.neuron.2024.02.011
https://doi.org/10.1016/j.celrep.2016.12.004


 

 

Figure 6. The count of simultaneously 

recorded neurons (log scale) is growing 

exponentially or faster. Organism sizes (in 

neuron count) are shown for reference; they 

do not imply that whole-brain imaging is 

currently achievable. (Urai et al., 2022). 

 

Light-based functional imaging will likely improve in neuron 

count, spatial resolution, temporal resolution (voltage 

indicators), and quality. Other paradigms--such as magnetic 

resonance, electrodes, optical fibers, or molecular recording 

devices--face constraints but remain under development 

(Marblestone et al., 2013). 

 

Human-Scale Brain Imaging 

Human-scale brain imaging at non-single-neuron resolution 

leverages techniques like functional magnetic resonance imaging 

(fMRI) and magnetoencephalography (MEG), which provide valuable 

insights into brain activity and connectivity at the mesoscale. 
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fMRI measures blood oxygenation level-dependent (BOLD) signals, 

capturing activity changes with millimeter-scale spatial 

resolution and temporal resolution on the order of seconds. This 

allows researchers to infer broad patterns of functional 

connectivity between regions, although it lacks the fine-grained 

temporal resolution needed to resolve individual neuronal 

dynamics. MEG, on the other hand, records magnetic fields 

generated by neural activity with millisecond temporal precision, 

offering a complementary view of real-time activity patterns. 

 

On the invasive recording front, Neuralink's N1 implant has 

demonstrated sustained human BCI performance over 670+ days 

post-implantation and 4,900+ hours of active brain-computer 

interface use. While the N1 records from far fewer neurons than 

light beads microscopy (hundreds vs. millions), it operates in 

humans and captures spiking activity at millisecond resolution 

from deep cortical layers that optical methods cannot reach in 

vivo. 

 

 

 

 

 

The Optical Frontier 

Despite these advances, single-neuron whole-brain imaging is 

hard. Light-based calcium or voltage imaging is constrained by 

tissue thickness and transparency. Small organisms such as C. 

elegans and larval zebrafish are often naturally transparent; 

humans are not. Both the skull and thick tissue prevent 

successful large-scale calcium imaging in mammals. Aside from the 

skull, scattering and absorption are the fundamental constraints 

on tissue penetration (Marblestone et al., 2013), often limiting 

penetration depth to 1-5 millimeters due to absorption and 

scattering. 
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These constraints can be partially alleviated through cranial 

windows, genetically transparent animals such as crystal 

zebrafish (Antinucci and Hindges, 2016), or tissue-clearing 

chemicals (Ou et al., 2024; Franzesi et al., 2024). 

 

One way to improve optical transparency in living animals is to 

use absorbing molecules such as tartrazine (Ou et al., 2024), 

suggesting that deeper in vivo imaging without cranial windows is 

at least physically plausible in some regimes. 

 

In practice, high-quality whole-brain single-neuron imaging 

beyond ∼1-2 mm depth remains challenging with current methods 

(Marblestone et al., 2013). Early simulation attempts show that 

limited recording data may be sufficient to predict whole-brain 

data, i.e. that whole-brain single-neuron recordings may not 

always be necessary for whole-brain neural activity prediction 

(Beiran and Litwin-Kumar, 2024). As a first approximation, this 

highlights model organisms in which whole-brain single-neuron 

imaging is near-term feasible. 
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Figure 7. A 5-minute sketch on the lab whiteboard outlining how a 

potential “glass ceiling” might ground-truth functional data 

collection. (Personal drawing, 2024). 

 

In C. elegans and larval zebrafish, whole-brain single-neuron 

imaging is now demonstrated or under development. Other 

understudied organisms could achieve this, such as Xenopus laevis 

tadpoles, Hydra vulgaris or planarian flatworms.  

 

Adult zebrafish, mice or human brains far exceed the ~1mm 

scattering & absorption limits. Whole-brain single-neuron imaging 

therefore remains farther-out in these organisms. 

 

We note that adult Drosophila occupies a borderline position 

between feasibility and challenge: matching zebrafish in neuron 

count and theoretical depth limits, yet with reduced optical 

transparency, presenting both promise and obstacles (Lemon et 

al., 2015). Whole-brain imaging has been achieved, but not at a 

single-neuron resolution (Aimon et al., 2019). With further 

development of tissue clearing techniques, whole-brain 

single-neuron imaging may be achievable in Drosophila.  

 

Network analysis indicates that Drosophila neuron connections are 

fairly stereotyped, except cell bodies varying highly in location 

across the outer shell of the brain (Lin et al., 2024). If 

whole-brain single-neuron imaging in Drosophila is possible and 

Drosophila is sufficiently stereotyped to map the functional data 

of one individual fly to another individual's connectome, then 

that would have enormous repercussions for functionally recording 

and simulating complete brains. With a focused effort on 

garnering as much high-resolution calcium or voltage data as 

possible, it could be combined with the recently completed 

connectome of the fly.  

 

This leaves the zebrafish as a common vertebrate model organism 

in which we plausibly image all of its neurons with near-term 

technology. It is the largest model organism in this thesis for 
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which near-whole-brain, single-neuron functional recording 

appears plausible. In comparison to C. elegans, the zebrafish has 

a more vertebrate-like brain structure, extensive neural 

plasticity, complex behaviours, and complex learning mechanisms 

(Koch and Reid, 1999; Herculano-Houzel, 2009). We note that many 

other animal models are either too large for ground-truth 

whole-brain single-neuron imaging or exhibit less mammal-like 

neural dynamics, making the zebrafish a promising platform where 

high-resolution functional imaging combined with subsequent 

connectomics is plausibly achievable. 

 

With extensive ground-truth structural, functional, and behaviour 

data collection, it could serve as a thorough testbed for the 

first end-to-end simulated animal. In parallel, as technology 

progresses, we are optimistic more promising model organisms will 

open up across species. 

 

 .| / ... / . 

Simulations 
We focus on neuron-level simulations. Lower-resolution approaches 

exist, such as next-voxel prediction from fMRI data (Tang et al., 

2023). Here we cannot do justice to the large and complex field 

of computational neuroscience at all levels of resolutions, and 

consider only cellular-resolution simulations.  

 

Computational neuron models can be of varying degrees of 

complexity: from extremely simplified models such as the binary 

McCulloch-Pitts model (McCulloch and Pitts, 1943; Izhikevich, 

2003; Brette and Gerstner, 2005) to highly biophysically accurate 

models such as multicompartmental Hodgkin-Huxley models (Hodgkin 

and Huxley, 1952; Haufler et al., 2023; Petousakis & 

Apostolopoulou, 2023). Similarly, models simulating synaptic 

transmission can be more or less biophysically accurate, ranging 

from simplified models such as current-based exponential synapses 
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to highly biophysically accurate models (Ecker et al., 2024) such 

as multi-state kinetic receptor models Ecker et al., 2024.  

 

Importantly, questions remain about what neural properties must 

be directly measured versus inferred, what can be learned from 

measurements, and what additional constraints are needed for 

accurate simulation. In general, strategic simplification can 

likely maintain high levels of biological realism; for review, 

see Einevoll et al., 2019. 

 

Efforts have been made to simulate brains in detail, including 

the Blue Brain Project (BBP) (Markram 2006) that was initiated 

with the ambitious goal of creating a comprehensive digital 

simulation of a human brain. The BBP first computationally 

modeled ∼31,000 rat cortical neurons (Markram et al., 2015). At 

its completion in 2024, the BBP released models and simulations 

of larger portions of the rat brain: a 4.2 million-neuron model 

of non-barrel somatosensory cortex (Isbister et al., 2026) and a 

456,000-neuron model of the hippocampal region CA1 (Romani et 

al., 2024). However, substantial gaps in knowledge of the overall 

circuit architecture--especially the lack of a synapse-level 

connectome--led to an approach relying heavily on computationally 

filling-in missing information (Hill et al., 2012), resulting in 

significant challenges. 

 

The Allen Institute is similarly simulating mouse brain circuits, 

beginning with primary visual cortex (V1). Using both 

multicompartmental biophysically detailed and point-neuron models 

(Haufler et al., 2023; Billeh et al., 2020; de Vries et al., 

2020), and integrating a vast array of experimental data on 

cortical neuron types and their morpho-electric properties 

(Gouwens et al., 2018; Gouwens et al., 2019; Gouwens et al., 

2020), connectivity (Gouwens et al., 2020; Campagnola et al., 

2022), and activity in vivo (de Vries et al., 2020; Siegle et 

al., 2021), they ran a 230,000-neuron model of mouse V1 with 

realistic visual inputs (Arkhipov et al., 2018; Billeh et al., 

2020). This model has been used to investigate structure-function 
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relationships in the cortical circuits (Billeh et al., 2020; 

Galván Fraile et al., 2024), study the biophysical mechanisms 

sculpting electric fields recorded in the cortex (the local field 

potential, or LFP) (Rimehaug et al., 2023; Rimehaug et al., 2024; 

Meneghetti et al., 2024), and explore and compare task training 

and learning in biological and artificial neural nets (Chen et 

al., 2022). Subsequently, in a collaboration with the Japanese 

supercomputer Fugaku, they scaled their simulation efforts to ~10 

million neurons with 26 billion synapses across 86 brain regions. 

(Kuriyama et al., 2025) 

 

Other groups have also released models of mammalian cortical 

circuits at the ~10,000-100,000-neuron scale using biophysically 

detailed, point-neuron, and hybrid approaches; for a recent 

review, see Dura-Bernal et al. (2024). Recent applications 

include studying slow waves in a human thalamocortical network 

model (Marsh et al., 2024) and testing new pharmacology in a 

model of human cortical function in depression (Guet-McCreight et 

al., 2024). 

 

OpenWorm is developing a similar representation of the 302 

neurons in C. elegans, attempting to build a comprehensive 

simulation environment of both functional prediction and a 

simulated body of the worm (Szigeti et al., 2014). C. elegans 

efforts have been hampered by graded, non-spiking dynamics and, 

until recently, a relative lack of direct neurophysiological data 

(Randi et al., 2023; Stiefel and Brooks, 2019). Critically, cell 

capacitance and conductance values are often assumed rather than 

empirically derived, as are key details such as axonal lengths 

and propagation delays (Szigeti et al., 2014; Sarma et al., 

2018). A recent successor to OpenWorm called BAAIWorm has emerged 

as an integrative data-driven model simulating 

brain-body-environment interaction (Zhao et al., 2024). 

 

Indeed, C. elegans has a small brain, but it is far from a simple 

one. Constrained by a limited capacity for complex interneuronal 

communication, the worm’s brain is forced to maximize 
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computational processing within each neuron, with signaling 

proteins occupying over 20% of the worm’s genome (Sterling and 

Laughlin, 2015).  

 

Attempting to partially account for such factors, Creamer et al., 

2024 fit a connectome-constrained linear model to whole brain C. 

elegans recordings of neural activity during optogenetic 

perturbation of single neurons and achieved relative correlations 

for held-out neurons up to 0.92 (Creamer et al., 2024). Further 

progress is possible, especially with more data from extensive 

light-based microscopy work combined with protein staining 

(Tillberg et al., 2016), a peptidergic atlas (Ripoll-Sánchez et 

al., 2023, Wang et al., 2024) and in-situ mRNA sequencing (Alon 

et al., 2021). 

 

Shiu et al. present a Drosophila simulation model that applies a 

leaky integrate-and-fire framework to simulate circuit-level 

behaviors like feeding and grooming (Shiu et al., 2024). They 

base it on ground-truth neural connections from the complete fly 

connectome (Dorkenwald et al., 2024) and neurotransmitter data. 

The model’s predictions, validated through experiments, are a 

promising proof-of-concept on how connectome-based models can 

effectively replicate behavioral circuits. Further, Lappalainen 

et al., 2024 combine machine learning and the connectome to 

create a connectome-constrained model of the fly visual system 

trained on the computation of visual motion from naturalistic 

visual stimuli. This modeling accurately predicts known 

parameters of the Drosophila visual system, for example, the 

contrast selectivity of all 31 cell types for which this has been 

previously determined. Likewise, Cowley et al., 2024 created a 

deep neural network corresponding to the Drosophila visual system 

in which the response of artificial neurons accurately matches 

their experimentally determined response properties on data the 

network was not trained on. 

 

Current efforts include the call for an inter-laboratory project 

to comprehensively characterize neuronal input-output functions 
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for the 300 neurons of C. elegans to its neuronal output, with 

the goal of predicting behavior and responses to novel 

perturbations. (Haspel et al., 2023). 

Structure & Function 

As shown in the optical frontier section, single-neuron 

whole-brain functional data is currently limited to a few small 

organisms, and a connectome, no matter how detailed, is a static 

snapshot of a brain’s structure. This opens up a gap: The gap of 

moving from structure to function. How could we go from a static 

snapshot of brain structure to a simulation capable of driving an 

accurate brain function?  

 

Note we focus on one scenario here, where the field is in a 

structure-dominant paradigm. This serves to highlight one 

plausible path to whole-brain emulation; alternative paradigms 

are plausible and likely, such as function-to-function 

prediction. Due to this focus, we cannot cover 

function-to-function predictions. Using functional data to 

predict structural connectivity via e.g. co-correlation has also 

been demonstrated (Creamer et al., 2024), but is not discussed 

here. 

 

In principle, the single-neuron function-to-function simulations 

seem feasible in organisms below the optical frontier, i.e. in 

small brains amenable to whole-brain voltage imaging. Training 

function-to-function machine learning models has been proposed in 

C. elegans, as roughly 500 hours of calcium functional data are 

available. (Simeon et al., 2024a, Simeon et al., 2024b) Yet, 

current modelling attempts lack sufficient data to accurately 

predict functional activity, suggesting the need for large-scale 

data collection in C. elegans (Simeon et al., 2024a, Stiefel and 

Brooks, 2019). Current functional data is limited to at best ~200 

of the 300 neurons, emphasizing the need for improved microscopes 

capable of whole nervous-system recordings in conditions allowing 

the worms to move as freely as possible. Further improvements 
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could include voltage imaging instead of calcium imaging, and 

datasets including out-of-distribution activity with robust 

optogenetic stimulation of as many neuron subsets as feasible, 

ultimately leading to deeper understanding of neuron activity 

causality. (Ahrens et al., 2013; Kim et al., 2017)  

 

Early attempts at whole-brain structure-to-function prediction 

Shiu et al. (2024) have been demonstrated. They present a 

Drosophila simulation model based on ground-truth neural 

connections from the complete fly connectome (Shiu et al., 2024). 

To instantiate this connectome, leaky integrate-and-fire (LIF) 

neurons were used -- a system of simple differential equations 

developed as early as 1907 (Abbott, 1999). The model attempts to 

simulate circuit-level behaviors, like feeding and grooming. 

Validated by in-vivo experiments, this is a promising 

proof-of-concept on how connectome-based models can effectively 

replicate behavioral circuits. (Shiu et al., 2024)  

 

Notably, the fly connectome was produced via electron microscopy, 

unable to directly capture membrane proteins such as 

neurotransmitter receptors or other molecular data. Also note 

that this was done with simple differential equations and no 

compartments, i.e. as an extremely simplified model of a brain 

directly based on the fly connectome. Additionally, almost no 

fruit-fly functional data was used in tuning that model. Yet, it 

accurately reproduced some fly behaviours. The simplest 

connectome with no molecular information and century-old 

integrate-and-fire-style differential equations (Abbott, 1999) 

lacking compartments or biophysical detail were sufficient to 

produce limited behavior. A thoroughly impressive empirical 

result. 

 

Yet, it remains to be shown that this paradigm can generalize to 

mammal-scale brains. The critical empirical question is how much 

structural and functional data is required. In our interviews, 

researchers were tentatively optimistic that detailed 

structure-to-function models with little functional data will be 
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imperfect but may still replicate surprising amounts of behaviour 

and consistent neuronal activity, as recently demonstrated in 

whole-brain Drosophila simulations (Shiu et al., 2024).  

 

This would potentially scale as a key approach to mammalian 

simulations, such as shown in the Allen Institute V1 model 

(Billeh et al., 2020; Rimehaug et al., 2023). In some interviews, 

optimism is informed by how robust stable brain states are as 

attractor spaces in functional activity: Evidence includes 

returns to stable brain states from diverse conditions such as 

seizures, anaesthesia, coma, blunt trauma, sleep, hydrocephalus, 

and stroke recovery. 

 

Integrating Functional Data 

 

Of course, if available, tuning on functional data would be of 

obvious benefit. 

 

Assuming a mouse or human connectome is achieved, future 

structure-to-function work may require more complex fine-tuning, 

e.g. using different parameters in extended Hodgkin-Huxley or 

Izhikevich neurons to simulate different cell types accurately.  
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Figure 8. Spiking behaviors of known cortical neuron types. 

Reproduced from Izhikevich (2003). 

 

One proposal would be to extend these equations with more 

voltage-dependent terms, especially at synaptic compartments. 

Each term would represent a class of receptors identified at that 

synapse and requires tuning through in-vivo trials of receptor 

dynamics. In the model, parameters of those voltage-dependent 

terms may be constrained by the differing levels of receptors 

found at that synapse in expansion-based light microscopy. This 

constraint also serves to constrain the possible solution space. 

This is a fully differentiable system, as the prediction as well 

as the parameters for each voltage-dependent term and its 

probability curves are smooth and continuous.  

 

With improving structural and functional data, such modelling 

approaches should improve systematically. Notably, the free 

variables may also implicitly account for influences not 

explicitly modelled, ranging from plausibly relevant factors like 

ephaptic coupling (Anastassiou et al., 2011) to speculative or 

implausible factors, such as cosmic rays.  
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Additionally, neuroscience offers an extensive corpus of 

behaviour and parameters of various cell types; while not ideally 

standardized or replicable, scraping that corpus could serve as 

important anchors for parameters across neuron types. 

 

This suggests using a major tool which has proven itself useful 

for finding optima in differentiable landscapes: Gradient descent 

(Ruder, 2016). This approach has been demonstrated for both 

point-neuron (Stanojevic et al., 2024) and biophysically detailed 

network models (Chen et al., 2022; Oláh et al., 2022; Zhang et 

al., 2023; Deistler et al., 2024). 

 

The predictions of these “extended” differential equations would 

benefit from tuning on ground-truth functional data to produce 

accurate typical activity. The ideal whole-brain single-neuron 

functional dataset may only be available in a few limited 

organisms, such as C. elegans and the larval zebrafish. This 

again highlights especially the latter as a promising validation 

platform for complete end-to-end integration of structural 

connectomic data, functional whole-brain data, and a 

differentiable simulation system to achieve a high-resolution 

simulation of a whole brain. 

 

It may also be possible to inform a primarily 

structure-to-function model with more limited functional data, 

such as partial brain, slice or organoid functional recordings, 

or fMRI, MEG, or EEG data, for example by using spatial or 

temporal upsampling. 

Scale & Compute 

Total compute in supercomputers has been rising exponentially for 

decades and systems in the 2020s have reached exaflop territory, 

for example El Capitan at more than 1.5 exaflops (Thomas, 2024), 

with typical capital costs on the order of hundreds of millions 

of dollars (Joseph, 2023). It is also worth noting that many 

frontier AI clusters do not appear in TOP500, since companies 
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usually do not disclose full details about their infrastructure. 

As a result, the computational capacity of state-of-the-art 

systems likely exceeds published supercomputer rankings. Publicly 

disclosed AI clusters now operate at the scale of tens of 

thousands to more than 100,000 accelerators; xAI's Colossus 

cluster, for example, has scaled beyond 100,000 H100 GPUs (Musk, 

2024). 

 

 

Figure 9. Rise of supercomputing performance. Source: AI.Graphic, 

CC BY-SA 3.0, via Wikimedia Commons. 

 

Using point-neuron models with different levels of detail, the 

computational feasibility of large-scale brain simulations has 

already been demonstrated, including up to human-scale. Yamazaki 

et al. (2021) ran a model with the number of neurons and 

connections consistent with those in the human cerebellum (~68 

billion neurons, comprising ~80% of total brain neurons) using 

LIF neurons on a supercomputer capable of up to 11 petaflops, at 

600 times slower than real time. 

 

As the reader may note, there currently is no human synapse-level 

connectome available. Given the predictable and repetitive 

structure of the human cerebellum, they statistically and 

algorithmically designed a cerebellum based on histological 

studies and known distributions of neurons synapsing onto each 

other. 
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Similarly, Lu et al., 2024 instantiated a human-scale simulation 

with 86 billion neurons and 47.8 trillion synapses as a 

proof-of-concept. On their GPU cluster, this simulation ran 

between 60 to 120 times slower than real time. 

 

Yet, lacking a ground-truth connectome, these primarily serve as 

a proof-of-concept that extremely simplified human-scale 

simulations with simple neuron models are already feasible. As AI 

data center build-out is becoming one of the largest 

infrastructure projects in history, we are optimistic about 

surpassing compute requirements of more complex human brain 

emulations in the upcoming decades.  

 

To bound discussion, a few brief Fermi estimates for compute 

requirements reveal substantial but tractable demands:  

 

A lower bound: For leaky integrate-and-fire (LIF) neurons we 

assume approximately 40 floating-point operations per millisecond 

each (Izhikevich, 2004; Brette et al., 2007). For 8.6×10^10 

neurons at real-time simulation speed, this yields 40 × 8.6×10^10 

× 10^3 ≈ 3.4 petaFLOP/s -- roughly the tensor throughput of a 
single H100-class GPU at FP16 precision (~1 petaFLOP/s dense, or 

nearly 2 petaFLOP/s with structured sparsity; NVIDIA Corporation, 

2023). 

 

An upper bound: We assume Hodgkin-Huxley neurons with 1,000 

compartments and 7,000 synapses and approximately 690 

floating-point operations per compartment per millisecond (using 

Euler-exponential solvers; Hines & Carnevale, 2001). Synaptic 

integration contributes approximately 10^4 operations per spike 

with 10 Hz average firing rates (Koch, 1999; Brette et al., 

2007). This scales to approximately 10^20 FLOP/s--comparable to 

next-generation 100,000-GPU AI clusters such as xAI's Colossus 

(~10^20 FLOP/s). (Patel, 2024) 
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We highlight these serve as order-of-magnitude ballparks, not as 

thorough estimates. 

 

Critically, the majority of compute cost derives from synaptic 

modeling rather than neuronal dynamics; the per-neuron gap 

between LIF and Hodgkin-Huxley may be small relative to synaptic 

detail costs. Given ongoing hardware improvements driven by 

artificial intelligence investment, raw computational power is 

unlikely to emerge as the primary bottleneck in the near term.  

 

Spanning from a single GPU for simplified models to large AI 

clusters for biophysically detailed simulations under pessimistic 

assumptions, human-scale brain simulations are surprisingly 

computationally accessible today in terms of raw computational 

power. 

 

Memory & Interconnect 

 

The widening gap between processing power and memory/interconnect 

capabilities has created bottlenecks in large-scale neural 

simulations that will likely require more thorough integration of 

memory and processing. 

 

Over the past 30 years, the rate of improvement in processing 

power has far exceeded the rate of improvement in memory and 

interconnect development. Peak hardware FLOPS have improved by 

roughly 3x every 2 years, compared to only 1.6x and 1.4x for 

memory and interconnect bandwidth respectively, leading to the 

so-called memory wall (Gholami et al., 2024, An et al., 2024). 

Memory capacity has also undergone a similar trend: today’s El 

Capitan boasts 1.74 exaFLOPS and over 5.4 petabytes of HBM3 

memory (Thomas, 2024); NEC’s Earth Simulator boasted 41 teraFLOPS 

and 10 terabytes of DRAM memory in 2004 (Sato, 2004); 

representing an approximately 42,400-fold increase in processing 

power and just a 540-fold increase in memory capacity. Like many 
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other workloads, computational simulations of brain tissue have 

been affected by this trend: a 2014 study identified interconnect 

bandwidth as a bottleneck for spiking neural network simulations 

(Kunkel et al., 2014) and a recent in-depth analysis found memory 

bandwidth and interconnect latency to represent key bottlenecks 

for all types of neuron simulations studied - from point neurons 

with current-based synapses to multicompartmental models with 

conductance-based synapses - at high fan-ins and neuron counts 

(Cremonesi et al., 2020). 

 

 

Figure 10. Memory and interconnect have not kept pace with 

processing power. Y-axis is normalized peak hardware FLOPS 

relative to the R10000 processor. Compiled from Sato (2004), 

NVIDIA Corporation (2023), and Thomas (2024). 

 

 

Napkin math suggests: Memory requirements: with 64 bytes per 

synapse (for IDs, type, and receptor states) and 64 bytes per 

neuron, plus 2x overhead for high-performance computing 

bookkeeping, we obtain approximately 7×10^16 bytes (~70 
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petabytes) total. Distributed across 100,000 GPUs, this yields 

approximately 700 gigabytes per GPU. Current top-tier GPUs 

possess 80-192 gigabytes of HBM, placing this estimate less than 

an order of magnitude beyond current hardware capacity. While 

tight, this is not intractable, especially given ongoing memory 

scaling in the GPUs. 

 

Most brain connections are local, lending themselves to 

parallelization, but cross-partition communication remains 

non-trivial. With clever partitioning, perhaps 10% of synapses 

cross GPU boundaries. This yields roughly 6×10^13 cross-partition 

synapses (from 6×10^14 total with 10% cross-partition traffic). 

Spike events can be encoded compactly at approximately 4 bytes 

each, including timing and neuron ID. At 10 Hz firing rates 

across 10^5 GPUs, this translates to approximately 24 GB/s per 

GPU.  

 

Many interventions -- such as moving to lower-precision 

arithmetic (Micikevicius et al., 2018) -- could help decrease 

memory and interconnect requirements and boost processing power. 

The H100 GPU, for example, sees a boost from 67 teraFLOP/s (FP64 

Tensor Core) to roughly 1 petaFLOP/s at dense FP16 tensor 

throughput, or nearly 2 petaFLOP/s with structured sparsity 

(NVIDIA Corporation, 2023). Indeed, the effective 

hardware-utilization rate would remain bottlenecked by memory and 

interconnect bandwidth, much like how data-movement and latency 

bottlenecks are expected to limit the training of frontier AI 

systems (Erdil and Schneider-Joseph, 2024). 

 

Data Storage 

Mapping mammalian brains will generate enormous amounts of data. 

At 10 nm isotropic resolution, 1 mm³ of brain tissue corresponds 

to 10^15 voxels; assuming 1 byte per voxel, that is roughly 1 

petabyte of raw data. For a human brain volume of about 1.4 

million mm³, this implies on the order of 1.4 zettabytes of raw 
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image data before compression. Compression can reduce this 

substantially, with state-of-the-art approaches demonstrating 

~128× reduction without compromising reconstruction (Li et al., 

2024). In other words, the storage required for a human 

connectome could plausibly fall into the 10-100 petabyte range 

after compression and downstream processing. Datacenters such as 

those operated by Backblaze already store data at exabyte scale 

(Backblaze, 2022), which is ten to a hundred times larger than 

that compressed requirement. 
 

A brief comparison to other large-scale scientific efforts such 

as CERN comes to mind. In CERN’s case, their facility has storage 

capacities exceeding 1 exabyte and throughput on the order of 

100-200 GB/s, which is more than enough to keep up with data 

generated from our microscope paths (20GB/s) ("CERN Data Centre", 

n.d., Bosch et al., 2023). CERN’s datacenter cost 83m CHF ($93m 

USD) to build, and on the order of $100-200m USD to run per year 

("Facts and Figures", n.d.). Assuming we build a data center with 

~10 petabytes of storage, 100x smaller than CERN’s, a rough cost 

estimate gets us to anywhere from $10-50 million for the initial 

build and compute costs ("Data Centre Cost", n.d.). 

 

Concretely, Collins et al. estimate roughly $2B for storage costs 

of raw imaging data of a human brain. (Collins et al., 2025) 

Hence, a 10x-compressed image of a complete human brain would 

cost approximately $200 million at 2023 prices. Storage costs 

decline roughly 10-fold per decade (Collins et al., 2025). The 

final simulation data would not be the raw imaging archive but a 

highly annotated connectome graph, which is orders of magnitude 

more storage-efficient.  

 

Therefore, while initial imaging data will be expensive to store, 

the actual connectome representation needed for simulation is 

manageable with current datacenter technology. 

 

Lastly, we note that neuromorphic systems can implement 

asynchronous, event-driven computation, significantly reducing 
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both latency requirements and energy consumption in large-scale 

neural simulations. The field has seen steady progress, from 

IBM's TrueNorth in 2014 (implementing 1 million neurons and 256 

million synapses per chip) (Akopyan et al., 2015) to Intel's 

Loihi platforms (Davies et al., 2018, Orchard et al., 2021) and 

more recent developments like the Hala Point system at Sandia 

National Laboratories, with over 1.15 billion neurons and 128 

billion synapses (Intel, 2024).  

 

While massive investment in AI accelerators -- orders of 

magnitude larger than in neuromorphic computing -- has led to a 

research landscape where repurposing AI hardware for biological 

neural-network simulation is often the preferred approach due to 

its widespread availability, mature software ecosystems, and 

sheer raw computational capability (Landsmeer et al., 2024; 

Deistler et al., 2024), neuromorphic and other non-von Neumann 

architectures remain promising paths to address compute, storage, 

memory, and energy demands. 

Benchmarking  

Metrics of Success 

What constitutes success?  

 

Dedicated benchmarking work for brain emulations is still sparse, 

though recent efforts such as ZAPBench and broader synthesis work 

have begun to articulate the problem (Lueckmann et al., 2025; 

Zanichelli et al., 2025). 

 

The space of possible metrics is effectively unbounded, and we do 

not yet know which metrics best capture the functional essence of 

brain computation--a situation unlike protein structure 

prediction or weather forecasting, where success criteria are 

well defined. Ideal benchmarks will differ between possible 

goals: Sub-neuron level accuracy, neuron-level accuracy, 
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behavioural goals, accurate causal models, usefulness on tasks, 

etc.  

 

We first and foremost emphasize the need for a thorough 

benchmarking sub-field, developing various benchmarks for various 

purposes. Below we briefly touch on the state of the field and a 

few early key ideas to initiate discussion.  

 

Deterministic Metrics 

One could take a recording of C seconds of whole-brain neural 

activity and try to predict the next T seconds, forming a metric 

of accuracy by comparing future activity vectors neuron by neuron 

and averaging the deviation over time. This is the spirit of 

ZAPBench (Lueckmann et al., 2025), which proposes, for example, 

T=30 seconds and evaluates mean absolute error frame by frame and 

neuron by neuron before averaging to a final score. The score is 

repeated across tasks in the zebrafish recordings, such as 

exposure to flashing light versus sinusoid drifting gratings. 

Related approaches have been applied to C. elegans whole-brain 

data (Simeon et al., 2024; Creamer et al., 2024) and to human 

non-invasive brain decoding (Tang et al., 2023). 

Stochastic Issues 

A key issue with these approaches is that they do not account for 

the stochastic and chaotic nature of much neural activity. In 

physical brains, stochasticity is inherent, e.g., due to thermal 

noise affecting ion channel dynamics (Faisal et al., 2008). As 

previously noted (Sandberg and Bostrom, 2008), deterministic 

metrics such as mean absolute error (MAE) do not capture the 

chaotic dynamics. For example, in a free-running simulation two 

zebrafish models might start in similar initial conditions, but 

subsequent brain states are likely to diverge, due to the 

property of chaotic systems that they are highly sensitive to 
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small deviation in initial conditions, as in the “butterfly 

effect” (Lorenz, 1963). How can we capture this? 

 

Our goal needn’t necessarily be to carry forward the dynamical 

activity trajectory of a set of neurons deterministically for a 

long time, as in the ZapBench benchmark. Instead, our high-level 

goal is to “accurately capture the learned behaviors, memories 

and computations of individual animals”. Thus, we must accurately 

model the underlying dynamics of the nonlinear, stochastic system 

- including all its attractors and other key types of memory 

states or patterns - but not necessarily predict a given 

trajectory of that dynamical system perfectly.  

 

Similarly, climate models can predict complex climate effects 

such as El Nino, even though weather models cannot predict exact 

weather more than a few weeks ahead. 

 

More generally, ideas from chaotic dynamical systems theory apply 

here. In that field, it has been observed that one can 

reconstruct the attractor structure of a system even from limited 

and noisy observations (Takens, 1981; Sauer et al., 1991). Here, 

we briefly sketch several approaches relevant to metrics given 

the potentially chaotic and stochastic nature of nervous systems. 

Stochastic Distribution Matching 

How would one measure brain state typicality? A naive way to 

measure brain state typicality is to compare activity 

distributions of neurons, circuits, or regions. For example, a 

specific cortical neuron might be active with an average 10 Hz 

spike rate with a ±5 SD, whereas the simulated neuron is 

erroneously active with a typical 20 Hz ± 10 spike rate. A naive 

error metric is the difference between spike rates. Other 

distributional metrics could be Total Variation Distance, KL 

Divergence, or Jensen-Shannon Divergence, or, as was used in a 

large-scale simulation of the mouse primary visual cortex (Billeh 

et al., 2020), a KS test-based similarity between distributions 
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over multiple neurons. Analogous to ZAPBench, averaging this 

error across all neurons in a population yields a provisional 

total score.  

 

Of course, distributions can also be computed across all neurons 

in a brain region of interest and compared on a population-level 

instead. 

 

For example, Rimehaug et al. (2023) demonstrated quantitative 

comparison of simulated and experimentally recorded local field 

potentials (LFP) in mouse primary visual cortex, using a 

biophysical model of over 50,000 neurons to reproduce current 

source density patterns--an approach that validates simulations 

at a mesoscale level inaccessible to single-neuron metrics alone. 

 

 

Finally, neuronal activity varies substantially across brain 

states. Thus, a distributional metric might be most useful when 

conditioned on brain state.  

Distribution metrics can be chosen based on empirical usefulness 

and robustness, such as total variation distance, KL divergence, 

Jensen-Shannon divergence, or another suitable measure of 

distributional difference. 
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Figure 11. Schematic illustration of total variation distance 

between two distributions. Adapted from Wikipedia: Total 

variation distance of probability measures. 

 

If ground truth neuronal activity is not given, such as in 

calcium imaging, deconvolution methods can estimate spike rates 

(Vogelstein et al., 2009). Direct electrophysiological or 

voltage-imaging recordings can bypass this limitation. 

 

If brain state is not explicitly given by e.g. a performed task, 

one could incorporate a classification step to determine which 

“brain state” is active under a particular stimulus. Different 

stimuli might produce distinct patterns of neural activity, 

allowing a classifier to differentiate responses to, for example, 

flashing light versus drifting gratings (Chen et al., 2018). 

 

If conditional on the task at hand, a model produces 

statistically indistinguishable firing rates, this may be an 

impressive feat. However, this measure of typicality is not 

sufficient to guarantee causal dynamics, as models may learn 

per-neuron activity distributions directly rather than the causal 

rules governing inter-neuron influence.  
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Behavioural Metrics 

Ultimately, effective “systems-level” verification occurs when a 

simulated organism exhibits real-like behavior in a virtual 

environment. For instance, a C. elegans model may be tested on 

chemotaxis or thermotaxis tasks, while a larval zebrafish model 

can be validated on optomotor or phototactic tasks. Benchmarks 

might include reflex latencies or typical locomotor 

patterns--each confirming whether the underlying neural 

computations match biological norms. 

 

A complementary benchmark is stimulus-evoked response fidelity: 

When the organism receives known stimuli, does the simulation 

generate comparable neuronal responses and behavioral outputs? 

This bridges neural and behavioral levels and can be quantified 

via response latencies, tuning curves, and behavioral choice 

probabilities. 

 

The embodied Turing test is holistic and intuitive: If a 

simulated C. elegans navigates chemical gradients, responds to 

touch, and forages like a real worm, something important has been 

captured. But behavioral equivalence is neither necessary nor 

sufficient for mechanistic accuracy--a lookup table could pass 

behavioral tests without representing any neural mechanism. 

Behavioral benchmarks are therefore best combined with 

neural-level metrics, not used as standalone criteria. (Zador et 

al., 2023) 

 

One emerging framework for validating brain emulations is the 

'embodied Turing test' proposed by Zador et al. (2023), which 

evaluates whether a simulated nervous system can replicate the 

behavioral repertoire of the original organism when embedded in 

an equivalent body (physical or simulated). Unlike traditional 

Turing tests focused on language, this framework evaluates 

sensorimotor integration, learning, and adaptive behavior -- 

capacities that depend on the full neural circuit rather than a 

single cognitive module. Initial practical benchmarks are 

65 

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


beginning to emerge for C. elegans and Drosophila, where both 

connectomes and behavioral libraries are available. 

 

 

Benchmark Suites 

Given the many dimensions among which to measure model 

performance, we propose to focus on benchmark suites rather than 

single benchmarks. We expect no absolute threshold to define a 

“successful” simulation. Instead, there are successively better 

approximations that capture more and more. We hope for the field 

to develop harder benchmark suites guiding ever-better 

simulations of brains (Einevoll et al., 2019). This mirrors 

current AI practice, where no single benchmark defines a model's 

strength, but rather a suite of benchmarks across various tasks. 

(Srivastava et al., 2022, Liang et al., 2022) (Chiang et al., 

2024; Kiela et al., 2021) 

 

Critically, the appropriate benchmarks depend on the goals of the 

simulation. A simulation aimed at behavioral fidelity 

(reproducing learned behaviors in a virtual environment) demands 

different metrics than one aimed at mechanistic accuracy 

(capturing causal dynamics under perturbation) or applied utility 

(building better sensory processing models for robotics). We 

organize metrics below by type rather than importance, 

acknowledging that different research programs will weigh them 

differently. 

 

An early example of a benchmarking suite is Brain-Score (Schrimpf 

et al., 2020; brain-score.org), which evaluates how well 

artificial neural networks predict neural responses in the 

primate visual system across multiple benchmarks simultaneously. 

Brain-Score demonstrates that no single metric suffices and that 

composite benchmark suites -- combining neural predictivity, 

behavioral alignment, and anatomical correspondence -- are 

needed. A similar multi-metric approach has been advocated for 
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brain simulations (Arkhipov et al., 2018), and the same logic 

should apply to whole-brain models. 

 

A practical approach is to focus on metrics that are 

experimentally accessible and scientifically informative, 

accepting that any simulation will be trained on limited data and 

must generalize beyond it. For context, Billeh et al. (2020) 

trained a V1 model on one second of spontaneous activity and a 

single drifting grating, then validated on over 100 seconds of 

diverse stimuli. Achieving robust generalization will require 

organized community efforts: standardized competitions (akin to 

CASP for protein folding), regular workshops, and evolving 

benchmark suites that prevent saturation on any single metric. 

 

To illustrate how these goals translate to concrete criteria, 

consider what "successful mouse brain emulation" might mean. A 

behavioral benchmark suite might include: Navigation in novel 

mazes, fear conditioning and extinction, social interaction 

patterns, and circadian activity rhythms. Neural correspondence 

benchmarks would require that simulated neurons in the 

hippocampus exhibit place fields, that visual cortex neurons show 

orientation tuning, and that population dynamics during sleep 

replay match recorded patterns.  

 

A particularly stringent test would be personality matching--do 

individual simulated mice, initialized from different biological 

individuals' connectomes, show the behavioral variability 

observed in the source animals? And crucially, the simulation 

must make novel predictions: if it predicts a specific behavioral 

deficit from a specific perturbation, and that prediction is 

confirmed experimentally, this provides strong evidence for 

mechanistic accuracy. 
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The Pressing Need for Benchmarks 

In short, like in recent AI progress, benchmarks will be 

necessary to accurately guide development, quantification, and 

comparison of a diversity of brain emulations.  

 

Given the size of the possible space of benchmarks, our notes 

here are necessarily incomplete. Among other approaches, we do 

not cover: 

●​ Computational mechanics (Shalizi and Crutchfield, 1999), 

which automatically discovers the temporal and spatial 

scales at which a system's dynamics become predictable 

●​ Machine learning using automated discovery of state 

variables: Chen et al. (2022)  

●​ Metrics of causality at various scales, Granger causality, 

transfer entropy. 

●​ The use of perturbation-based evidence for genuine causality 

(Haspel et al., 2023) and privileging perturbation data 

(optogenetic, pharmacological, lesion) over purely 

observational metrics. 

●​ Metrics that enable success for out-of-distribution 

generalization of neuron activity and behaviour  

●​ Benchmarks across spatial scales: Measurable neuronal 

activity spans from individual ion channels opening to 

whole-brain activity.  

●​ Benchmarks across timescales: Neuronal activity ranges from 

sub-millisecond dynamics of ion channels to decades.  

●​ Benchmarks for adaptive behaviours such as short-term 

synaptic depression, long-term potentiation and 

neuroplasticity 

 

We look forward to an extensive sub-field of neuroscience asking 

this important question of: How do we measure success?  
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The Mega-Project 
 

It took decades to go from sequencing the bacteriophage φX174, 
then C. elegans, Drosophila, and Mus musculus to reach a complete 

human genome (Sanger et al., 1977, C. elegans Sequencing 

Consortium, 1998, Adams et al., 2000, Mouse Genome Sequencing 

Consortium, 2002, International Human Genome Sequencing 

Consortium, 2001). 

 

As noted before, the Manhattan Project cost over $30B (inflation 

adjusted) (Schwartz, 1998) and took 3 years to develop the atomic 

bomb (Groves, 1962). Apollo cost roughly $257B in 2020 dollars 

(Dreier, 2022) and took about eight years from President 

Kennedy's May 25, 1961 commitment to the Apollo 11 landing in 

July 1969 (Loff, 2015).  

 

These approximate bounds suggest that human-scale connectomics 

and simulation might be on the scale of investment between the 

Human Genome Project and the Manhattan Project, while costing 

less than the Apollo Program. A rough range based on our 

estimates and interviews is $5-50B over 10-25 years. 

 

In the absence of required data, we restrain from forecasting 

more detailed numbers. Estimates around such ambitious projects 

are especially sensitive to how much the underlying technology 

improves before and during the project. We are broadly optimistic 

about the improvement in light microscopy, molecular 

identification, electron microscopy, reconstruction and 

proofreading, and simulation techniques.  
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Figure 12. Megaproject examples. Adapted from Zanichelli et al. 

(2025). 

 

Modern machine learning may be the single largest driver of cost 

reduction.  

 

Modern machine learning has generated highly accurate predictive 

models across weather, biology, and natural language processing, 

among other domains. These same systems are increasingly being 

adapted into scientific assistants and tool-using workflows (Bran 

et al., 2024). They will likely improve further as AI companies 

continue investing heavily in larger underlying models (Perrault 

& Clark, 2024). 

 

Machine learning could reduce the amount of resources needed. As 

a concrete example, SmartEM, a single beam electron microscopy 
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approach that demonstrated a 7-fold decrease in acquisition time 

by adjusting the microscope dwell time based on the difficulty of 

a given area would subsequently be to segment (Meirovitch et al., 

2024). Another example, in-detector ML-based data compression 

could help sidestep data transfer limits for imaging approaches 

currently bottlenecked by detector capabilities such as X-ray 

ptychography (Du et al., 2021, Valentin et al., 2023). 

 

Machine learning has already transformed connectomics 

proofreading, such as Google's flood-filling networks or 

segmentation-guided contrastive learning (SegCLR). As these 

models improve, the dominant cost of connectomics -- human 

proofreading, which currently accounts for over 90% of project 

budgets -- should fall dramatically. 

 

Machine learning also offers paths to faster simulation. Neural 

network surrogate models can approximate the dynamics or required 

parameters of biophysically detailed neuron models faster than 

numerical integration. More ambitiously, connectome-constrained 

neural networks have begun to predict neural activity directly 

from wiring diagrams: Lappalainen et al. (2024) used the 

Drosophila connectome to predict responses across 64 neuron types 

in the visual system, reproducing findings from over 20 prior 

experimental studies. If such structure-to-function methods 

generalize to mammalian circuits, they could partially substitute 

for the functional recording data that remains hardest to collect 

at scale. 

 

AI scaling laws -- the empirical finding that model performance 

improves as a predictable power-law function of compute, data, 

and parameters (Kaplan et al., 2020) -- might be a useful analogy 

for brain simulation. If simulation accuracy scales similarly 

with the quantity and resolution of input data, then each 

incremental improvement in connectomics throughput, functional 

recording density, or molecular profiling would yield predictable 

gains in simulation fidelity, even before fundamental algorithmic 

breakthroughs. 
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As AI companies continue to build ever-larger clusters, the 

marginal cost of allocating a fraction of that capacity to 

neuroscience simulation shrinks. 

 

Storage is a parallel bottleneck. A single cubic millimeter of 

brain tissue imaged at EM resolution generates roughly a petabyte 

of raw data; a full human brain would produce exabytes. Cloud 

storage costs have fallen roughly 10-fold per decade, but the 

scale of whole-brain datasets will still require purpose-built 

archival infrastructure -- likely co-located with compute to 

minimize data transfer costs, analogous to how genomics centers 

co-locate sequencing instruments and analysis clusters. 

 

Any serious large-scale connectomics effort would require 

automation at every stage of the pipeline. The semiconductor 

industry offers a useful analogy: chip fabrication involves 

cleaning, etching, doping, and layering at nanometer precision 

with extraordinarily low error rates, all inside billion-dollar 

fabs that run continuously with minimal human intervention. Brain 

sample preparation -- fixation, slicing, staining, embedding -- 

demands comparable precision at comparable scales, yet remains 

largely artisanal. Transitioning from hand-operated microtomes 

and manual staining protocols to automated, high-throughput 

sample preparation lines is arguably as important as any 

improvement in microscopy or reconstruction software.  

 

The same applies downstream: automated quality control, real-time 

segmentation during acquisition, and closed-loop imaging systems 

that re-scan ambiguous regions could dramatically reduce both 

cost and error accumulation in large-scale projects. 
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Closing 

This thesis is necessarily incomplete. We have not covered: 

non-connectomics approaches to emulation, including functional 

paradigms that bypass detailed structural reconstruction; 

structure-to-function inference methods that remain in their 

infancy; X-ray microscopy and other emerging imaging modalities; 

the ethical, legal, and philosophical dimensions of creating 

digital minds. We have focused on what we believe to be one 

possible central pipeline -- connectomics, functional recording, 

and simulation.  

 

What would it take to emulate a human brain? This thesis has 

surveyed the three core pillars -- structural mapping, functional 

recording, and simulation -- and found that each has advanced 

substantially since the Sandberg and Bostrom roadmap of 2008, yet 

none is close to the scale required for whole human brain 

emulation. 

 

In connectomics, the completion of the Drosophila whole-brain 

connectome (Dorkenwald et al., 2024; Schlegel et al., 2024) and 

the emergence of petascale mouse-cortex connectomics programs 

mark genuine inflection points. On the recording front, calcium 

imaging and multi-electrode arrays have scaled from tens to tens 

of thousands of simultaneous neurons, but whole-brain coverage at 

single-neuron, single-spike resolution in mammals remains beyond 

current reach. On the simulation side, GPU-accelerated simulators 

and neuromorphic hardware have made real-time simulation of 

cortical-column-scale circuits feasible, but the memory wall and 

interconnect bottleneck remain formidable at whole-brain scale. 
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The path forward is not a single moonshot but a series of 

interlocking achievements: complete molecularly-annotated 

connectomes, paired with whole-brain functional recording at 

cellular resolution, feeding validated biophysically detailed 

simulations -- each organism a proving ground for the next. 

Whether the result constitutes emulation in the strong sense -- a 

system that reproduces not only connectivity but functional 

dynamics and emergent properties -- remains an open empirical 

question. 

 

The field’s trajectory suggests that the question is shifting 

from whether to when and how. The answer will depend not only on 

technological advances but on sustained, large-scale, coordinated 

effort that has historically delivered humanity’s most 

consequential achievements. I hope this thesis serves as a useful 

map of the terrain -- inevitably incomplete, but grounded in the 

engineering realities of 2025 and in the work that I carried out 

at MIT. 

 

For readers interested in the collaborative synthesis that grew 

out of this work, see the State of Brain Emulation Report 

(Zanichelli et al., 2025) at brainemulation.mxschons.com. Follow 

the researchers cited throughout -- they are at the frontier of 

neuroscience and brain emulation in real time. If this field 

interests you, get involved. If you would like to support the 

field, many of the mentioned research efforts are 

funding-constrained. If I can help you get involved, reach out 

anytime at axon@mit.edu and i@isaak.net.  

 

The challenges are vast, the community is welcoming, and the 

potential impact is extraordinary: This may be one of humanity’s 

most pressing quests to embark on.  

 

To strive, to seek, to find, and not to yield. 
-​ Ulysses  
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