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ABSTRACT

We report an empirical convergence between two independently derived quantities: the ratio of useful
computation delivered per unit of energy by the human brain versus a commodity GPU cluster, and the
ratio of energy consumed per unit of computation by the same two systems. Under the spiking neural
network model of brain computation, both ratios resolve to approximately 50,000, measured over an
energy-equivalent window corresponding to the total metabolic energy budget of a human from birth to
age 25 (#17,500 kWh). This convergence constitutes a conservation constraint localising the efficiency
bottleneck to hardware architecture. Decomposing the gap into three independent sources — the Von
Neumann memory wall (x100-1,000), dense versus event-driven activation (x100-1,000), and digital
versus analog compute (x10-100) — their product brackets the observed gap precisely. Current
neuromorphic hardware has demonstrated gains of up to 5,600% on specific workloads, confirming the
architectural hypothesis. Closing this gap would reduce a GPT-5-class training run from 500,000 MWh to
approximately 10 MWh, democratising frontier Al development.

Keywords: neuromorphic computing, Von Neumann bottleneck, energy efficiency, spiking neural networks, large
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1
Introduction

The energy cost of training large language models has become one of the most visible
externalities of modern Al. Training GPT-3 consumed approximately 1,287 MWh [1]; GPT-4
an estimated 30,000 MWh [2]; Grok 4 approximately 310,000 MWh [3]. The prevailing
response has been incremental: more efficient attention mechanisms, lower-precision arithmetic,
mixture-of-experts sparsity. These optimisations are valuable but operate within a fixed

architectural paradigm. They optimise the engine without questioning the design.

This paper benchmarks GPU-based AI systems against the only known general-purpose
intelligence solving comparable problems at high competence: the human brain. The brain
consumes 20 W continuously [4], accumulating 63 GJ (17,500 kWh) from birth to age 25. Over
the same energy envelope, a cluster of 40 NVIDIA RTX 3090 GPUs running 52 days at full load

delivers 6.4x102 floating-point operations. Under the spiking neural network model, the human



brain delivers 3.2x102¢ equivalent operations over the same budget — a ratio of 50,000x%.

The central observation is that this compute gap and the energy efficiency gap are the same
number, measured from opposite directions. We argue this convergence is a thermodynamic
fingerprint identifying the hardware architecture as the sole locus of the inefficiency. We
decompose the gap into three independent architectural sources, show their product brackets the
observed ratio precisely, review neuromorphic evidence confirming the trajectory, and quantify

the implications of closing it.

2
The Metabolic Baseline and Energy-Equivalent Comparator

A representative whole-body power draw across the 0-25 year developmental window,
weighted for the higher mass-specific metabolic rate of infants and the activity distribution of

adults, yields approximately 80 W continuous. Over 25 years this accumulates to:
E =80 W x 25 yr x 3.156x107 s/yr = 6.31x101a J = 63 GJ = 17,500 kWh

To construct a directly energy-equivalent silicon comparator, we select a cluster of 40 NVIDIA
RTX 3090 GPUs, each drawing 350 W at full training load, for a total of 14,000 W. Setting
14,000 W x T = 17,500,000 Wh gives T = 52 days. This runtime is determined entirely by the
energy equivalence constraint, not chosen to flatter either system. Any difference in output is

attributable solely to how efficiently each architecture converts energy into useful computation.

3
The Compute Gap

The RTX 3090 delivers 35.58 TFLOPS peak FP32 [13]. For 40 GPUs over 52 days
(4,492,800 s):

C_GPU = 40 x 35.58x1012 x 4.49x10°¢ = 6.40x102* FLOP

We use peak theoretical throughput, giving the GPU the most favourable possible comparison.

Real-world training workloads achieve 40-70% of peak, so the gap is understated.

Brain compute estimates span fifteen orders of magnitude depending on modelling depth [14].
We adopt the spiking neural network (SNN) model at 10'® FL.OP/s [16,17] as the appropriate
level of abstraction: it corresponds exactly to the computation current Al systems attempt to
emulate — weighted connections between units that fire or do not fire — and is the model for

which neuromorphic hardware is explicitly designed.



A four-state duty-cycle model — deep focus (4 h/day, 100%), light processing (6 h, 60%),
background wakefulness (6 h, 30%), sleep (8 h, 20%) — yields a weighted effective rate of
40%, consistent with metabolic imaging showing cerebral glucose consumption falls 20-25%
during sleep [18]. Over 25 years (7.89%108 s):

C_brain = 1018 x 0.40 x 7.89x10% = 3.,16x1026 FLOP

The compute ratio: 3.16x10% / 6.40x10% ~ 49,375x%.

4
The Convergence Observation

Two ratios, derived independently. Ratio A (energy efficiency): the brain delivers 1018/20 =
5x%10'¢ FLOP/J; the GPU cluster delivers 1.42x10'5/14,000 = 1.01x10' FLOP/J. Ratio: R_A =~
49,500x%. Ratio B (compute gap): R_B = 3.16x10% / 6.40x102! ~ 49,375x,

R_A = R_B = 50, 000x

This agreement is mathematically necessary. For any two energy-equivalent systems, if total
energy E is fixed and efficiencies are 1_B and n_G in FLOP/J, then C_B/C_G = n_B/n_G
exactly. The convergence is an identity, not a coincidence. Its diagnostic value is in the
magnitude: 50,000x. That number is the ratio of architectural efficiencies. It cannot be closed by

using more energy. It can only be closed by changing the design.

The ~50,000x% efficiency gap is a thermodynamic fingerprint of the Von Neumann architecture
— specifically, of the energy consumed moving weights between physically separated memory
and compute units. It is not a data problem, not an algorithmic problem, and not a cooling

problem. It is an architectural problem.

5
Decomposing the Gap

We identify three independent, multiplicative architectural sources. Their independence means
each operates at a different level of the hardware stack; their multiplicativity means the

combined gain is their product, not their sum.

Memory wall. In-memory computing analyses establish that data movement between physically
separated processor and memory accounts for up to 90% of total energy in Von Neumann Al
workloads [9]. Of the 350 W drawn by an RTX 3090 at full load, only 35 W performs
multiply-accumulate operations; the remainder moves data across the bus. In the brain, each



synapse physically co-locates weight and computation: the synaptic strength and the
postsynaptic potential it generates are the same physical event. No bus. No fetch cycle.
Published in-memory computing results confirm 100-1,000x efficiency gains from

co-location [9,11].

Dense versus event-driven activation. GPUs activate all CUDA cores at every clock cycle
regardless of need. A typical cortical neuron fires at 0.1-1 Hz against a maximum of
1,000 Hz [20]; fewer than 1% of neurons in a cortical region are active at any moment [21].
Inactive neurons draw near-zero power. Neuromorphic hardware implementing spiking
dynamics inherits this efficiency directly. Published benchmarks show 100-1,000% gains from

event-driven operation [6,10].

Digital versus analog compute. An FP32 multiply-accumulate requires ~3.7 pJ at 28 nm [22].
A biological synaptic operation consumes 10 18 J [23]. Practical analog neuromorphic

hardware achieves 10-100x efficiency gains over digital equivalents [11].

Combined ceiling. The product of minimum estimates: 100 x 100 x 10 = 100,000x. The
observed gap of 50,000% sits inside this minimum with a factor-of-two margin, confirming the
three sources jointly account for the full gap with no unexplained residual. Interaction effects
between the factors do not undermine this conclusion: the observed gap lies comfortably within

even the minimum combined estimate.

6
Against the Software Hypothesis

The most persistent alternative explanation is that the gap reflects algorithmic immaturity: that
sufficiently advanced software on conventional hardware could close it without changing the

silicon. We argue this is bounded by a physical ceiling software cannot exceed.

No software optimisation can eliminate the energy cost of moving data between physically
separated memory and compute. The minimum energy to move one bit across the 10 mm
VRAM-to-core distance on a modern GPU die is approximately 1 pJ [22], set by wire
capacitance and signalling voltage. During a transformer forward pass through a
70-billion-parameter model, a minimum of 2.24x10'? bit-moves are required per pass,
dissipating at least 2.24 J regardless of algorithmic efficiency. Better caching reduces the
number of accesses; it cannot reduce the per-access energy below the physical minimum for the

given wire length and process node.

Software sparsification techniques — pruning, quantisation, MoE routing — reduce the number

of multiply-accumulate operations but not the static and data-movement costs of inactive



parameters, which persist in VRAM regardless. Architectural event-driven sparsity eliminates
both. Software sparsification achieves 2—10x% efficiency gains; architectural sparsity contributes

100-1,000x%. They operate in fundamentally different regimes.

7
Neuromorphic Evidence

The architectural hypothesis predicts that hardware designs moving away from the Von
Neumann paradigm should demonstrate proportionally greater efficiency. IBM’s NorthPole [7],
eliminating off-chip memory access by integrating SRAM adjacent to compute cores, achieves
25x greater energy efficiency than the H100 on inference — despite a less advanced process
node, confirming co-location rather than transistor density drives the gain. Intel’s Loihi 2 [6],
implementing event-driven spiking dynamics, demonstrates 100x or greater efficiency on sparse
workloads; combined spiking-and-co-located designs have demonstrated 5,600% gains on
continual learning tasks in 2025-2026 [12]. ReRAM crossbar arrays performing analog
multiply-accumulate achieve 10-100x efficiency over digital equivalents [11]. TrueNorth’s
400x% in 2014, Loihi’s 1,000 in 2021, NorthPole’s 2,500% in 2023, and 5,600% in 2025-2026
trace a trajectory toward the 50,000 ceiling consistent with 2—-3x improvement per hardware

generation.

8
Implications

Training. A GPT-5-class training run currently requires ~500,000 MWh, costing ~$31M at
Turkish residential electricity prices. At 50,000x efficiency: 10 MWh, ~$620. A GPT-4-class
run: ~#$11. Frontier model training would no longer require nine-figure compute budgets. The
current concentration of frontier Al capability in five to six organisations globally is a direct

consequence of the architectural energy tax; removing the tax removes the barrier.

Inference. A single GPT-5 query consumes %18 Wh [26]. At 50,000% efficiency: 0.00036 Wh,
less than the energy of a heartbeat. Global AT inference, currently 200 TWh/yr [25] and #5% of
US electricity, would fall to ¥4 GWh/yr — negligible at any scale of policy concern.

Edge deployment. Frontier Al inference is currently impossible on battery-powered devices. At
50,000x% efficiency, a frontier-class model would require 0.4 mW — within the budget of a
hearing aid or neural implant. Frontier capability would move from cloud dependency to native

on-device operation.



AGI-scale computation. Hypothetical AGI training runs projected at 100x current frontier
scale would require ~50,000,000 MWh under current architecture — achievable only by
state-level actors. At 50,000% efficiency: ~1,000 MWh, within the budget of a mid-sized
technology company. The architectural gap is a significant, largely unacknowledged driver of

current Al concentration dynamics.

9
Conclusion

We have presented a first-principles argument that the energy efficiency gap between biological
neural computation and contemporary GPU-based Al is approximately 50,000x, fully accounted
for by three independent architectural properties of the Von Neumann paradigm, with no
algorithmic or software explanation required or supported. The 50,000% figure is not a measured
performance difference; it is a thermodynamic fingerprint of the choice to separate memory

from compute.

Neuromorphic hardware progress from 400x in 2014 to 5,600x in 2025-2026 traces a trajectory
toward the identified ceiling. Closing it would eliminate the energy and economic barriers
currently concentrating frontier AI in a handful of actors, render global AI inference
energetically negligible, and bring AGI-scale computation within the budget of ordinary

research institutions.

The Von Neumann architecture wastes up to 90% of its energy moving data between memory
and compute, fires all units continuously regardless of need, and encodes weights in
high-precision digital representations costing orders of magnitude more energy per operation
than biological synapses. None of these choices are thermodynamically necessary. None are
inherent to intelligence. The brain has been demonstrating this for 500 million years on a
20-watt budget. The architecture is the bottleneck. The solution is known. The work is building

it.
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