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We don’t know how this works. Or for that matter, we don’t even know what it is doing….

Hypothesis: Anything the brain does should be consistent with what the brain is.

  The algorithm must match the architecture.



The algorithm must match the architecture.

This is our unknown

Can we approximate this?

Neuromorphic computing is a potential approximation.

We need to better define what neuromorphic computing is.
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ARE WE READY FOR A COMMON FRAMEWORK FOR ANY NEURAL 
COMPUTATION?

The brain is an existence proof

The brain is hard to understand

Scalable hardware exists

People don’t really know how to 
program it

There are algorithm successes

Results are largely heuristic and 
empirical



A START TOWARDS A THEORETICAL FRAMEWORK FOR 
NEUROMORPHIC COMPUTING

• Challenge: Neuromorphic computing has 
been hardware motivated.  As such, the 
field lacks the theoretical foundation that 
conventional and quantum computing 
have.

 There is no widely agreed upon 
“model of neural computation”

 There is no standard method for 
formal analysis of neuromorphic 
algorithms, architectures, etc.



HOW DOES NMC RELATE TO GPUS AND OTHER VON NEUMANN 
ARCHITECTURES?

• Expectation that neuromorphic systems 
will excel at some tasks but be worse at 
others

 “Specialized general purpose”, like 
GPUs but specialized to different 
tasks

 “No Free Lunch”
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ARCHITECTURES?

• Expectation that neuromorphic systems 
will excel at some tasks but be worse at 
others

 “Specialized general purpose”, like 
GPUs but specialized to different 
tasks

 “No Free Lunch”

• Neuromorphic is fully in memory 
computing

 No stored program

 Allows event-driven, asynchronous 
operation
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FORMAL DEFINITION OF NEURONS, SYNAPSES, 
NEURAL ARCHITECTURES AND NEURAL ALGORITHMS

Definition (Neuron). A neuron is a compute element represented as a (potentially 
cyclic)directed subgraph 𝑛𝑛 = (𝑛𝑛𝑆𝑆, 𝑛𝑛𝑋𝑋 , 𝑛𝑛𝑌𝑌 , 𝑛𝑛𝐸𝐸), where:

 𝑛𝑛𝑆𝑆: Synaptic input nodes, representing incoming spiking signals from other neurons 
(s[𝑡𝑡])and exhibiting synaptic dynamics related to the representation (𝑤𝑤[𝑡𝑡]), and evolution 
(ℎ(·))of synaptic weight, synaptic delay, stochasticity, and synaptic plasticity. 

 𝑛𝑛𝑋𝑋: Internal compute nodes describing the neuron’s internal state variables (𝑥𝑥[𝑡𝑡]) and the 
neuron’s internal state dynamics (𝑔𝑔(·)).

 𝑛𝑛𝑌𝑌: Output nodes, representing the neuron’s observable output (𝑦𝑦[𝑡𝑡]) and the generation 
of that output (𝑓𝑓(·)). For spiking neurons, 𝑦𝑦[𝑡𝑡] ∈ {0, 1}.

 𝑛𝑛𝐸𝐸: Internal edges, representing directed connections between 𝑛𝑛𝑆𝑆, 𝑛𝑛𝑋𝑋 , and 𝑛𝑛𝑌𝑌. The 
internal edges 𝑛𝑛𝐸𝐸 may contain self-loops and directed cycles to represent intrinsic 
dynamics (e.g., decay, refractoriness, or adaptation). 



FORMAL DEFINITION OF NEURONS, SYNAPSES, 
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Definition S1.1 (Neuron). A neuron is a compute element represented as a (potentially 
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FORMAL DEFINITION OF NEURONS, SYNAPSES, 
NEURAL ARCHITECTURES AND NEURAL ALGORITHMS

Definition (Synapse). Let N represent the set of isolated neuron subgraphs in a neuromorphic 
system, where each synapse is a directed synaptic communication channel from a source 
neuron 𝑛𝑛𝑖𝑖 ∈ N to a target neuron 𝑛𝑛𝑗𝑗 ∈ N. We take the set of synaptic communication channels to 
be a set of directed edges

     𝑆𝑆 ⊆ 𝑁𝑁𝑌𝑌 × 𝑁𝑁𝑆𝑆

Each synapse connects an output node 𝑛𝑛𝑦𝑦𝑖𝑖 ∈ 𝑛𝑛𝑖𝑖,𝑌𝑌 of the source neuron 𝑛𝑛𝑖𝑖 to a synaptic input 
node 𝑛𝑛𝑠𝑠𝑖𝑖 𝑗𝑗 ∈ 𝑛𝑛𝑗𝑗,𝑆𝑆 of the target neuron 𝑛𝑛𝑗𝑗 via a directed edge 𝑠𝑠𝑖𝑖𝑗𝑗 ∈ 𝑆𝑆, where:

• 𝑛𝑛𝑦𝑦𝑖𝑖 : The output node of the source neuron 𝑛𝑛𝑖𝑖, representing the observable spiking output 
𝑦𝑦𝑖𝑖[𝑡𝑡] ∈ {0, 1}.

• 𝑛𝑛𝑠𝑠𝑖𝑖𝑗𝑗: The synaptic input node of the target neuron 𝑛𝑛𝑗𝑗, representing post-synaptic state 
associated with the connection, including synaptic weight 𝑤𝑤𝑖𝑖𝑗𝑗[𝑡𝑡] and any synaptic dynamics 
(e.g., delay, stochasticity, filtering, and plasticity).

• 𝑠𝑠𝑖𝑖𝑗𝑗: The directed edge connecting 𝑛𝑛𝑦𝑦𝑖𝑖 to 𝑛𝑛𝑠𝑠𝑖𝑖𝑗𝑗, representing discrete spike-event transmission 
between neurons, 𝑠𝑠𝑖𝑖𝑗𝑗[𝑡𝑡] ∈ {0, 1}.



FORMAL DEFINITION OF NEURONS, SYNAPSES, 
NEURAL ARCHITECTURES AND NEURAL ALGORITHMS

Definition S1.2 (Synapse). Let N represent the set of isolated neuron subgraphs in a 
neuromorphic system, where each synapse is a directed synaptic communication channel from 
a source neuron 𝑛𝑛𝑖𝑖 ∈ N to a target neuron 𝑛𝑛𝑗𝑗 ∈ N. We take the set of synaptic communication 
channels to be a set of directed edges

     𝑆𝑆 ⊆ 𝑁𝑁𝑌𝑌 × 𝑁𝑁𝑆𝑆



FORMAL DEFINITION OF NEURONS, SYNAPSES, 
NEURAL ARCHITECTURES AND NEURAL ALGORITHMS

Definition (Neuromorphic Computing Architecture). A neuromorphic computing 
architecture is a distributed computing system capable of representing a set of neurons N and 
a set of synaptic communication channels 𝑆𝑆 as a directed graph 𝐺𝐺𝑁𝑁,arch = (𝑁𝑁arch, 𝑆𝑆arch), where:

• 𝑁𝑁arch: The union of neuron components of the set of isolated neuron subgraphs N , where 
each neuron 𝑛𝑛 ∈ N is represented as 𝑛𝑛 = (𝑛𝑛𝑆𝑆, 𝑛𝑛𝑋𝑋 , 𝑛𝑛𝑌𝑌 , 𝑛𝑛𝐸𝐸), as defined in Definition S1.1.

• 𝑆𝑆arch: The set of directed synaptic communication channels between neuron subgraphs, 
where each 𝑠𝑠𝑖𝑖 𝑗𝑗 ∈ 𝑆𝑆arch connects a source output node 𝑛𝑛𝑦𝑦𝑖𝑖 to a target synaptic input node 𝑛𝑛𝑠𝑠𝑖𝑖𝑗𝑗, 
as defined in Definition S1.2



FORMAL DEFINITION OF NEURONS, SYNAPSES, 
NEURAL ARCHITECTURES AND NEURAL ALGORITHMS

Definition (Neuromorphic Algorithm). A neuromorphic algorithm is an algorithm 
implemented on a neuromorphic computing architecture 𝐺𝐺𝑁𝑁,arch = (𝑁𝑁arch, 𝑆𝑆arch). The algorithm is 
specified by (i) a selection of an algorithm subgraph 𝐺𝐺𝑁𝑁,alg = (𝑁𝑁alg, 𝑆𝑆alg) and (ii) a parameterization 
of the selected neuron-local state and update rules, where:

• 𝑁𝑁alg: The combined graph of selected neuron subgraphs, representing the computational 
nodes of the algorithm.

• 𝑆𝑆alg: The selected set of synaptic communication channels, representing the directed edges 
between distinct neurons. The algorithm graph 𝐺𝐺𝑁𝑁,alg = (𝑁𝑁alg, 𝑆𝑆alg) represents the ideal 
computational graph for the algorithm, with 𝑁𝑁alg ⊆ 𝑁𝑁arch, 𝑆𝑆alg ⊆ 𝑆𝑆arch.



UPSHOT OF FRAMEWORK DEFINITIONS

• Clarifies neuromorphic algorithm [GN = (N,S)] resource count 

 N (neurons) captures all computation
⎼ Neurons can have arbitrary complexity, but this is likely a constant cost

⎼ Opens up neuron complexity vs algorithm scaling direction

 S (synapses) captures the non-local communication 
⎼ If fan-out/fan-in is bounded, then synapse count scales no worse than neuron count

⎼ Allows us to isolate distinct energy costs



OUTLINE

1. Formal definitions

2. First crack at a complexity analysis

3. Algorithm successes



NEUROMORPHIC ALGORITHM TIME & SPACE COSTS

• Ideal NMC executes at parallel depth limits

 Runtime is governed by the critical path of the 
time-unrolled graph, i.e. 𝐶𝐶𝑇𝑇 ∼ 𝑇𝑇∞ 𝐺𝐺𝑁𝑁

𝑇𝑇 .

 Brent’s Theorem applies to neuromorphic 
algorithms

• No generic asymptotic time/space advantage

 NMC aligns with classical parallel depth/work 
tradeoffs rather than changing complexity 
class.

• The tradeoff shifts to instantiated footprint

 Because the “program is the circuit,” footprint 
scales with deployed graph size.



NEUROMORPHIC ENERGY COSTS REQUIRE A TRACE-BASED VIEW

• Structure is not enough for energy

 The instantiated graph 𝐺𝐺𝑁𝑁 = (𝑁𝑁, 𝑆𝑆) tells us what can 
happen, not what actually happens.

• Event-driven systems pay only for realized activity

 Rnergy depends on which neuron updates and 
synaptic events occur, i.e. on 𝚫𝚫𝑮𝑮𝑵𝑵 𝒕𝒕 = ∆𝑵𝑵,∆𝑺𝑺 .

 Energy use is directly related to physical changes in 
in-memory hardware (flipping a bit, charging a wire)

• This is less convenient a priori, but unavoidable

 For neuromorphic (and biological) computation, 
energy cannot in general be inferred from structure 
alone.



NEUROMORPHIC ALGORITHM ENERGY COSTS

• Conventional energy tracks scheduled work

 Operations and memory accesses give energy proportional to executed work, up to 
hierarchy-dependent constants.

• Neuromorphic energy tracks cumulative activity

 𝐶𝐶𝐸𝐸 𝐺𝐺𝑁𝑁;𝑇𝑇 ∝  Σ𝑡𝑡 Δ𝑁𝑁 𝑡𝑡 +  Σ𝑡𝑡 Δ𝑆𝑆 𝑡𝑡  

 𝐶𝐶𝐸𝐸 𝐺𝐺𝑁𝑁;𝑇𝑇 = O ∑𝑡𝑡=0𝑇𝑇−1 Δ𝑆𝑆 𝑡𝑡

• Advantage is conditional, not universal

 If activity is dense, no gain; if traces are sparse/decaying, energy can scale with realized 
activity rather than worst-case structure.
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Structural Metrics
• Graph homogeneity

 H 𝑡𝑡 ≔ max
𝑜𝑜𝑜𝑜

𝑣𝑣 ∈ 𝑉𝑉𝑡𝑡: type 𝑣𝑣 = 𝑜𝑜𝑜𝑜

• Structural reuse factor

 𝑅𝑅𝑇𝑇 𝐺𝐺𝑁𝑁 =
𝑇𝑇1 𝐺𝐺𝑁𝑁

𝑇𝑇

𝐺𝐺𝑁𝑁

• Fan-out

 K 𝐺𝐺𝑁𝑁 ≔ max
𝑛𝑛𝑦𝑦∈𝑁𝑁𝑌𝑌

deg𝑆𝑆+ 𝑛𝑛𝑦𝑦

 �𝐾𝐾 𝐺𝐺𝑁𝑁 ≔ 𝑆𝑆
𝑁𝑁𝑌𝑌

Trace Metrics
• Synaptic activity / sparsity

 Φ𝑆𝑆 𝐺𝐺𝑁𝑁;𝑇𝑇 = 1
𝑆𝑆 𝑇𝑇

∑𝑡𝑡=0𝑇𝑇−1 Δ𝑆𝑆 𝑡𝑡

• Activity decay / growth

 Λ𝑆𝑆 𝐺𝐺𝑁𝑁;𝑇𝑇 = 1
𝑇𝑇−1

∑𝑡𝑡=0𝑇𝑇−2 𝑎𝑎𝑆𝑆 𝑡𝑡 + 1 − 𝑎𝑎𝑆𝑆 𝑡𝑡

• Activity variability

 C𝑉𝑉𝑆𝑆 𝐺𝐺𝑁𝑁;𝑇𝑇 =
Var 𝐴𝐴𝑆𝑆

𝐸𝐸 𝐴𝐴𝑆𝑆

EVALUATING NEUROMORPHIC ALGORITHMS WITH FRAMEWORK

𝐴𝐴𝑆𝑆 ≔�
𝑡𝑡=0

𝑇𝑇−1
Δ𝑆𝑆 𝑡𝑡 𝑎𝑎𝑆𝑆 𝑡𝑡 ≔ Δ𝑆𝑆 𝑡𝑡



UPSHOT OF THIS FRAMEWORK

• Neuromorphic advantage in energy

 Formally simply another extreme parallel 
architecture, but perhaps can realize near-
ideal parallel scaling 

 Energy advantage is conditional on sparse 
activity (∆G low)

 Empirical demonstration on DTMC random 
walks and finite element simulations.

• Advantage relative to GPUs

 High use of temporal recurrence (allows 
amortization of spatial cost)

 High heterogeneity, thread divergence, 
stochasticity, etc.



The Brain / Neuromorphic

Structural Heterogeneity 

Recurrence / Structural Reuse

Local Connectivity

Sparse Activity

Time-dependent Activity

• Thread Divergence

• Stochasticity okay

GPUs / SIMD Architectures

Structural Homogeneity 

Feed-forward / Acyclic

Global Connectivity

Dense Activity

Time-homogeneous Activity

Thread Convergence

Stochasticity challenging

Trace Metrics

Structural  Metrics
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The Brain / Neuromorphic

Structural Heterogeneity 

Recurrence / Structural Reuse

Local Connectivity

Sparse Activity

Time-dependent Activity

Thread Divergence

Stochasticity okay

GPUs / SIMD Architectures

Structural Homogeneity 

Feed-forward / Acyclic

Global Connectivity

Dense Activity

Time-homogeneous Activity

Thread Convergence

Stochasticity challenging

SPARSE LINEAR SOLVERS (CONJUGATE GRADIENT, ETC)

Trace Metrics

Structural  Metrics



CAN WE TACKLE FEM WITH PROBABILISTIC NEURAL HARDWARE?

?????

𝜑𝜑𝑖𝑖(𝑥𝑥,𝑦𝑦) 𝜑𝜑𝑗𝑗(𝑥𝑥, 𝑦𝑦)

Ω

𝑢𝑢(𝑥𝑥,𝑦𝑦) ≈  �
𝑖𝑖

𝑢𝑢𝑖𝑖𝜑𝜑𝑖𝑖(𝑥𝑥,𝑦𝑦)

𝑨𝑨𝒖𝒖 = 𝒃𝒃Sparse, linear system

Basis functions

Coefficients

Finite Element Methods – Gold Standard but expensive

∇2𝑢𝑢 = 𝑓𝑓

NEUROMORPHIC FINITE ELEMENT METHODS?



• Locally dense, globally sparse connectivity

• Scalable: neighbors ~ O(1)

• Sparse spiking activity

Neuromorphic virtues:

Theilman and Aimone, Nature Machine Intelligence 2025
https://www.nature.com/articles/s42256-025-01143-2



NEUROFEM IN ACTION






NEUROFEM PROVIDES SOLVER-QUALITY SOLUTIONS

Theilman and Aimone, Nature Machine Intelligence 2025
https://www.nature.com/articles/s42256-025-01143-2



NEUROFEM IS SIMILAR IN SPEED TO GMRES AND CONJUGATE 
GRADIENT

Conjugate gradient is faster at small 
scales, but can only be used for 
symmetric matrices

Neuromorphic solution is general 

Theilman and Aimone, Nature Machine Intelligence 2025
https://www.nature.com/articles/s42256-025-01143-2



NEUROFEM SHOWS COMPELLING STRONG AND WEAK SCALING

Strong Scaling Weak Scaling

Theilman and Aimone, Nature Machine Intelligence 2025
https://www.nature.com/articles/s42256-025-01143-2



NEUROFEM IS INTRINSICALLY FAULT AND ERROR TOLERANT

Theilman and Aimone, NICE 2026
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SPARSE LINEAR SOLVERS (NEUROFEM)

Trace Metrics

Structural  Metrics



The Brain / Neuromorphic

Structural Heterogeneity 

Recurrence / Structural Reuse

Local Connectivity

Sparse Activity

Time-dependent Activity

Thread Divergence

Stochasticity okay

GPUs / SIMD Architectures

Structural Homogeneity 

Feed-forward / Acyclic

Global Connectivity

Dense Activity

Time-homogeneous Activity

Thread Convergence

Stochasticity challenging

MONTE CARLO

Trace Metrics

Structural  Metrics



CAN WE REFORMULATE MONTE CARLO FOR NEUROMORPHIC?

Initial State Final State

↑
𝑥𝑥𝑖𝑖(𝑡𝑡 + 1)

↓
= 𝑓𝑓

↑
𝑥𝑥𝑖𝑖 𝑡𝑡
↓

,𝑋𝑋,⋯ +
↑

𝑥𝑥𝑖𝑖(𝑡𝑡)
↓

�𝑑𝑑𝑥𝑥𝑖𝑖
𝑑𝑑𝑑𝑑 = 𝑓𝑓(𝑥𝑥𝑖𝑖 ,𝑋𝑋,⋯ )

K particles K location-dependent updates

↑
𝑚𝑚𝑖𝑖(𝑡𝑡 + 1)

↓
= 𝑔𝑔𝑖𝑖 𝑋𝑋,⋯ +

↑
𝑚𝑚𝑖𝑖(𝑡𝑡)
↓

M locations M location-specific updates

�𝑑𝑑𝑚𝑚𝑖𝑖
𝑑𝑑𝑑𝑑 = 𝑔𝑔𝑖𝑖(𝑋𝑋,⋯ )



USE NEURONS TO REPRESENT STATE SPACE OF MONTE CARLO 
AND USE SPIKES TO REPRESENT PARTICLES

45

Leaky integrate-and-fire neuron

Smith et al., Nature Electronics 2022



NEUROMORPHIC COMPUTING ADVANTAGE APPEARS TO BE WHEN AN 
ALGORITHM CAN SPLIT THE TASK ACROSS COMPUTATIONAL GRAPH 
WITH SPARSE COMMUNICATION

46






WE CAN IDENTIFY A NEUROMORPHIC ADVANTAGE FOR SIMULATING 
RANDOM WALKS 

47

We define a neuromorphic advantage as an 
algorithm that shows a demonstrable 

advantage in terms of one resource (e.g., 
energy) while exhibiting comparable scaling in 

other resources (e.g., time). 

Smith et al., Nature Electronics 2022



WHAT PDES CAN NEURAL RANDOM WALKS ADDRESS?

48

𝑢𝑢(𝑡𝑡,𝒙𝒙) = 𝔼𝔼 �𝑔𝑔�𝑿𝑿(𝑡𝑡)� exp �� 𝑐𝑐�𝑠𝑠,𝑿𝑿(𝑠𝑠)�d𝑠𝑠
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𝑢𝑢(𝑡𝑡,𝒙𝒙) + �𝑏𝑏𝑖𝑖(𝑡𝑡,𝒙𝒙)

𝜕𝜕
𝜕𝜕𝑥𝑥𝑖𝑖

𝑢𝑢(𝑡𝑡,𝒙𝒙)
𝑖𝑖𝑖𝑖 ,𝑗𝑗

 

+𝜆𝜆(𝑡𝑡,𝒙𝒙)��𝑢𝑢�𝑡𝑡, 𝒙𝒙 + 𝒉𝒉(𝑡𝑡,𝒙𝒙, 𝑞𝑞)� − 𝑢𝑢(𝑡𝑡,𝒙𝒙)�𝜙𝜙𝑄𝑄(𝑞𝑞; 𝑡𝑡,𝒙𝒙)d𝑞𝑞 

+𝑐𝑐(𝑡𝑡,𝒙𝒙)𝑢𝑢(𝑡𝑡,𝒙𝒙) + 𝑓𝑓(𝑡𝑡,𝒙𝒙), 𝑥𝑥 ∈ ℝ𝑑𝑑 , 𝑡𝑡 ∈ [0,∞). 

Class of Partial Integro-Differential Equations:

Stochastic Process:

Solution to initial value problem (u(0,x)=g(x)): Monte Carlo Approximates This Expectation

NMC Hardware Simulates This Stochastic 
Process

Smith et al., Nature Electronics 2022



The Brain / Neuromorphic

Structural Heterogeneity 

Recurrence / Structural Reuse

Local Connectivity

Sparse Activity

Time-dependent Activity

Thread Divergence

Stochasticity okay

GPUs / SIMD Architectures

Structural Homogeneity 

Feed-forward / Acyclic

Global Connectivity

Dense Activity

Time-homogeneous Activity

Thread Convergence

Stochasticity challenging

MONTE CARLO

Trace Metrics

Structural  Metrics



WHAT ABOUT THE BRAIN?

Dentate Gyrus

Cortex



REAL BRAINS HAVE NON-TRIVIAL STRUCTURE

Shiu et al., Nature 2024

125,000 neurons
50 million synapses



The Brain / Neuromorphic

Structural Heterogeneity 

Recurrence / Structural Reuse

Local Connectivity

Sparse Activity

Time-dependent Activity

Thread Divergence

Stochasticity okay

GPUs / SIMD Architectures

Structural Homogeneity 

Feed-forward / Acyclic

Global Connectivity

Dense Activity

Time-homogeneous Activity

Thread Convergence

Stochasticity challenging

BRAIN SIMULATIONS ARE THE IDEAL APPLICATION

Trace Metrics

Structural  Metrics



ALGORITHM MATCHES THE ARCHITECTURE:
NEUROMORPHIC HARDWARE CAN ACCELERATE BIOLOGICAL 
SIMULATIONS BY >100X

Wang et al., Arxiv 2025
https://arxiv.org/pdf/2508.16792



The algorithm must match the architecture.
• Processing in memory

• Event-driven

• Local & sparse activity

• Heterogeneity, stochasticity, divergence okay!

• We must break out of representation-
centric connectionist mindset

• Algorithms based on trajectories of 
spikes over time and space?

• Is the goal to understand 
uncertainties and distributions?

• Time to revisit what learning means?



THANK YOU!
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Craig M Vineyard, Suma G Cardwell, Corinne M Teeter, William 
Severa, J Darby Smith, Felix Wang, Fred Rothganger, Michael 
Krygier, Cale Crowder, Bradley H Theilman, William Chapman, 
Ryan Dellana, Mark Plagge, Efrain Gonzalez, Srideep Musuvathy
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Allemang, Rich Lehoucq, Brian Franke, Ojas Parekh

Any questions to jbaimon@sandia.gov
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