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Spiking neural networks (SNNs) are gaining attention for biological plausibility 
and energy efficiency. Advances in neuromorphic systems—integrating hardware 
and software tools—accelerate SNN implementation. Yet, deploying SNNs 
on such platforms remains challenging due to model complexity and system 
heterogeneity, requiring flexible frameworks. Existing tools (e.g., PyNN and Brian2) 
show limited expressiveness for neuromorphic applications or poor cross-platform 
support. This article proposes SNNL, a flexible, domain-specific language for 
SNN development and deployment on neuromorphic hardware. SNNL decouples 
neuronal dynamics modeling from network topology specification: equation-
based representations handle diverse neuron/synapse models, while hierarchical 
constructs define complex connectivity patterns. We present a Darwin3-targeted 
compiler with efficient code generation. Evaluations confirm that SNNL achieves 
precise neuronal dynamic descriptions and flexible network configurations. This 
work bridges algorithm-hardware gaps in neuromorphic computing by enhancing 
programmability. Experimental results have demonstrated the feasibility of SNNL 
in developing SNNs for neuromorphic systems.

Spiking neural networks (SNNs), 3G neural 
networks, are characterized by biologically 
plausible architectures and energy-efficient 

computation through precise modeling of neuronal/
synaptic dynamics. As hierarchical directed graphs 
(Figure 1), they inherently process spatiotemporal 
information via neurons interconnected via directed 
synapses, with node/edge states evolving over time 
according to predefined dynamics in response to in-
put spikes.1,2

OVERVIEW OF NEUROMORPHIC 
SYSTEMS

Recent advancements in neuromorphic systems have 
yielded prominent architectures such as SpiNNaker,3,4 
Loihi,5,6 TrueNorth,7 BrainScaleS,8 and Darwin3.9 These 
systems typically adopt homogeneous many-core ar-
chitectures with 2-D mesh topologies [Figure 1(d)], 
where distributed cores simulate neuronal dynam-
ics and synaptic interactions. SpiNNaker employs 
ARM968 cores programmed via C-based toolchains,3 
while Darwin3 introduces a domain-specific instruc-
tion set architecture (ISA) optimized for spiking neural 
computation.9 This ISA integrates dedicated registers 
for neuronal state variables and hybrid instructions, 
merging frequent spike-processing operations, re-
ducing memory footprint, and decoding latency. 
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Complementing these specialized instructions, gen-
eral-purpose arithmetic/logic operations enhance 
expressiveness for complex dynamics modeling. Ap-
plications in diverse domains have employed neuro-
morphic hardware as back-end support.10,11,12,13

Most digital neuromorphic platforms (e.g., SpiN-
Naker, Loihi, and Darwin3) implement discrete time-
step execution. During each interval, cores perform 
event-driven spike processing: accumulating pre-
synaptic inputs, updating neuronal states based on 
dynamic equations, and transmitting spikes to tar-
get neurons via network-on-chip (NoC) infrastruc-
ture. NoC architecture enables scalable intercore 
communication with reduced latency and improved 
bandwidth compared to traditional bus/crossbar 
implementations.

System-level orchestration involves embedded 
general-purpose processors that manage chip con-
figuration, host interfacing, and data flow control. 
Host-side runtime environments (e.g., Darwin-S)14 
provide deployment pipelines for SNN applications, 
handling resource allocation, task scheduling, and 
hardware–software coordination. These frameworks 
incorporate runtime libraries with debugging inter-
faces and data-extraction utilities to support iterative 

development cycles. Such hierarchical architectures 
demonstrate the critical balance between specialized 
neuromorphic compute fabrics and the flexible system 
management infrastructures required for practical 
deployment.

SYNTAX OF SNNL
In this section, we present the modeling of SNNs, 
which is introduced in two independent modules: neu-
ral dynamics and network topology (see Figure 2).  We 
first analyze the neural dynamics of SNNs by drawing 
inspiration from Brian2’s definitions for modeling neu-
ronal and synaptic dynamics, specifically tracking the 
state variables of neurons and synapses over time. 
Based on this, we employ differential equations as the 
foundational method for neural dynamics modeling 
and, in combination with the event-driven character-
istics of SNNs, design a set of syntax for modeling the 
most critical computational units in SNNs: neurons and 
synapses. Regarding network topology modeling, we 
conceptualize the SNNs as a weighted directed acyclic 
graph, where nodes represent neurons that contain dy-
namic-state information, and edges denote synapses 
with both weights and dynamic properties. In terms of 

(a)

(b)

(c) (d)

FIGURE 1.  (a) Leaky integrate-and-fire neuron. (b) Spike trains are transmitted between neurons. (c) An SNN. (d) Architecture 

of neuromorphic hardware.
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network topology design, we focus on neuron assem-
blies, connectivity clusters between assemblies (re-
ferred to as projections), and the hierarchical structure 
of neural network layers. We have developed a highly 
flexible and user-friendly syntax for constructing net-
work topologies, enabling users to conveniently, quick-
ly, and flexibly model the spatial structure of neuron 
assemblies, connectivity structure of projections, and 
other necessary components for network construction.

Neural Dynamics
Neurons and synapses are the fundamental computa-
tional units in SNNs, sharing a common computational 
model. Each computational unit possesses several pri-
vate-state variables, whose dynamics are influenced 
by two factors: continuous temporal evolution and dis-
crete changes induced by event signals. Each unit can 
receive input signals from other units, perform com-
plex computations to update its own state variables, 
and generate output signals that are transmitted to 
other units as inputs.

Neurons typically feature a crucial state variable—
the membrane potential—that governs the genera-
tion of spike signals. When the membrane potential 
exceeds a certain threshold, the neuron emits a spike 
signal, transmitting it via synapses to downstream 
connected neurons. Simultaneously, the membrane 
potential is reset according to specific rules (e.g., reset 
to zero or by subtraction) and is incapable of gener-
ating another spike signal during a refractory period. 
Upon receiving spike signals from upstream neurons, 
synapses undergo a change of state variables, produc-
ing a current signal based on its computational rules 
and transmitting it to downstream neurons. Synapses 
maintain connection weights between pairs of pre-
synaptic and postsynaptic neurons. In some synaptic 
plasticity learning rules, synaptic weights are adjusted 
based on the temporal differences between the spike 
times of presynaptic and postsynaptic neurons.

As shown in Figure 3, SNNL supports the modeling 
of neuron dynamics, including state variables, param-
eters, update rules, thresholds, reset rules, and refrac-
tory periods.

The neuron keyword specifies the neuron dynam-
ics definition module, where the user defines the 
name of the neuron model (e.g., lif). The neuron model 
is divided into several sections, each beginning with a 
different keyword, which defines different aspects or 
behaviors of the neuron dynamics model.

The variables keyword defines the state variables of 
the neuron model, such as membrane potential V; mem-
brane conductances m, n, and h; and the activation and 

inactivation rates of ion channels ( ,ma  ,mb  ,na  ,nb  ,ha  
and ) .hb  All variables defined in the “variables” section 
are private to each neuron instance, meaning they are 
not shared between different neuron instances. The 
user must define and initialize all necessary state vari-
ables for the neuron model in this section.

The parameters keyword defines the parameters 
of the neuron model, such as the conductance of ion 
channels ,Gk  ,GNa  and ;GL  reversal potentials ,Ek  ,ENa  
and ;EL  and membrane capacitance .Cm  All parame-
ters defined in the “parameters” section are shared 
across all instances of the neuron model. The user 
must define and initialize all parameters required for 
the neuron model here.

The updaterules keyword defines the update rules 
for the state variables of the neuron model, including 
the rules for updating activation and inactivation rates 
( ,ma  ,mb  ,na  ,ha  and ),hb  the probability of ion channel 
activation and inactivation (m, n, h), and the membrane 
potential V. The user must specify the update rules in 
“updaterules” to define the dynamic behavior of the 
neuron model. The rules can utilize the state variables 
and parameters defined in the “variables” and “param-
eters” sections as well as temporary variables.

The threshold keyword defines the spike generation 
condition for the neuron model. When the condition is 
met, the neuron model emits a spike signal. The final 
expression in the “threshold” section is treated as the 
spike condition, which must be a Boolean or integer val-
ue representing the spike condition or the spike period.

FIGURE 2.  Backus–Naur form of SNNL.
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The reset keyword defines the reset rules for the 
state variables after a spike, such as the reset rule for 
the membrane potential V. Typically, the “reset” sec-
tion contains operations to modify state variables to 
update them after a spike event.

The refractory keyword defines the refractory peri-
od, i.e., the absolute refractory period after a spike. The 
user must specify an integer value in “refractory” that 
represents the refractory period in time-steps, during 
which the neuron model will not generate spikes.

The synapse model is similar to the neuron dy-
namics model. As shown in Figure 3, SNNL supports 
synapse dynamics modeling, including synaptic-state 

variables, parameters, update rules, and the behavior 
of the synapse upon receiving a spike signal.

The prespike and postspike keywords define the up-
date rules for the synaptic-state variables following a 
spike from the presynaptic and postsynaptic neurons, re-
spectively. The update rules in “prespike” and “postspike” 
can utilize the state variables and parameters defined in 
the “variables” and “parameters” sections, respectively, 
as well as newly defined temporary variables. 

Network Topology
An SNN can be regarded as a directed acyclic graph 
composed of neuron assemblies and projections: con-
nection clusters between neuron assemblies. Neuron 

(a)

(b)

FIGURE 3.  (a) Dynamics modeling of the leaky integrate-and-fire neuron. (b) Dynamics modeling of synapse with spike- 

timing-dependent plasticity (STDP) learning rules. 
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assemblies consist of numerous neurons with identi-
cal dynamic models and possess shape information. 
Synaptic connections between neuron assemblies 
exhibit various patterns, such as convolutional, fully 
connected, one to one, and all to one.

In SNNL, the definition of neuron assemblies in-
cludes two parts: the neuron dynamic model and the 
shape of the neuron assembly. Similarly, the definition 
of projections comprises two parts: connection rules 
and the synaptic model for each connection. SNNL 
supports flexible definitions of connection rules and 
provides user-friendly methods for constructing neuron 
assemblies and network topologies at the syntax level.

The * operator in SNNL is used to define the neuron 
model and shape information for neuron clusters. As 
shown in Figure 4, the left side of the * operator represents 
the neuron model, while the right side is a list of positive 
integers that represents the shape of the neuron cluster.

The connections() function is used to define the 
synapse model and connection pattern for connection 
clusters. As shown in Figure 4,  connections() takes 
two arguments, representing the DELTA synapse mod-
el and the full connection pattern, respectively.

The net keyword is used to define an SNN, where 
the user specifies the network’s name and connects 
neuron clusters using different connection clusters 
inside the net block. The – and - > operators are used 
to connect neuron clusters and connection clusters. 
The left side of – represents the source neuron cluster, 
while the right side represents the connection cluster. 
Similarly, the left side of - > represents the connection 
cluster, and the right side represents the target neuron 
cluster. By using the – and - > operators, users can easi-
ly construct the network topology.

TURING COMPLETENESS
Turing completeness is a key standard for evaluating 
the expressive power of a computational system. It 
requires the system to be capable of simulating the 
computational process of a Turing machine, thereby 
achieving universal computational capability. Turing 
completeness requires that the SNN programming 
language is theoretically capable of simulating the 
computational behavior of a Turing machine. This sec-
tion provides a detailed proof of the Turing complete-
ness of SNNs by examining finite-state representation, 
tape mapping, and state transition functions.

Finite-State Representation
A Turing machine’s set of states is defined as

{ , , , }Q q q qn1 2 f=

where each state qi  represents a distinct stage in 
the computation process. In contrast, the state of an 
SNN is characterized by the membrane potentials of 
a group of neurons, denoted as ,v Rt

m!  forming the 
set

{ : } .V v t 0Rt
m! $=

Given that V is a continuous and infinite set, 
to establish equivalence with the finite-state set 
Q of a Turing machine, we discretize V into a fi-
nite set { , , , } .Q q q qm1 2 f=l t t t  Each discrete state qit  is 
defined as

.argminq v qi
q Q

t= -
! l

t

FIGURE 4.  An example of network construction.
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Proof of Finite-State Equivalence
To demonstrate the equivalence between Ql  and Q, we 
impose the following condition: for every ,q Q!  there 
exists a corresponding q Qi ! lt  such that

q qi q# e- t

where qe  represents the discretization error. Addition-
ally, for any ,vt  the distance to its nearest cluster cen-
ter satisfies

,   .v q v qclustert i q t i6# !e- t t

By increasing the number of elements in Ql  or op-
timizing the clustering algorithm, qe  can be made ar-
bitrarily small

,  .Q0 asq " " 3e l

This ensures that the discrete-state set Ql  can ap-
proximate the finite-state set Q of the Turing machine, 
thereby enabling the SNN to represent finite states 
effectively.

Tape Mapping
The tape of a Turing machine is an infinitely long linear 
storage medium, with each cell holding a symbol and 
supporting read and write operations. In an SNN, tape 
symbols are represented through neuronal activity 
[see Figure 5(a)]. 

Symbol Representation and Decoding
In SNNs, symbols are encoded by input spike trains xt  
and the synaptic weight matrix W, producing neuronal 
responses

.y Wxt t=

A decoding function f maps yt  to discrete sym-
bols v

,  iff y b y bt i i t i1 1#v= -^ h

where bi  are partition boundaries, and iv  are elements 
of the symbol set.

Synaptic Weight Update
Dynamic adjustment of the synaptic weight matrix 
W facilitates symbol writing and storage, following 
Hebbian or spike-timing-dependent plasticity (STDP) 
learning rules

W o oij i j$ $T h=

where h  is the learning rate, and oi  and o j  denote the 
activities of the pre- and postsynaptic neurons, re-
spectively. By appropriately tuning W and ,bi  the SNN 
can accurately perform tape operations, including 
reading, writing, and storing symbols.

(a)

(b) (c)

FIGURE 5.  (a) Tape mapping. (b) Transfer function. (c) Simulation process of the Turing machine.
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State Transition Function
The state transition function of a Turing machine is de-
fined as

( , ) ( , , )q q dd v v= ll

where q is the current state; v  is the current symbol; 
ql  and vl are the updated state and symbol, respec-
tively; and { , , }d 1 0 1! -  indicates the movement direc-
tion of the read-write head.

Implementation of State Transitions in SNNs
In SNNs, state transitions are governed by the dy-
namics of neuronal membrane potentials vt  and the 
adaptive synaptic weights W. The dynamics are de-
scribed by

( , )v f v xt t t1 =+

where f represents the neuronal dynamic model, and 
xt  includes encoded information of the current state 
and symbol.

Symbol Update
Following a state transition, the tape symbol is updat-
ed by modifying the synaptic weights to reflect vl

W W WT= +l

with WD  determined by the encoding of the new sym-
bol .vl

Movement of the Read-Write Head
The direction d of the read-write head’s movement is 
determined by changes in the neuronal membrane 
potential

( )d v vsign t t1= -+

where d 1=-  signifies a left move, d 0=  indicates no 
movement, and d 1=  denotes a right move. The cur-
rent position p of the read-write head is updated as

.p p d= +l

Simulation Process
By integrating finite-state representation, tape map-
ping, and state transition functions, an SNN can em-
ulate the computational behavior of a Turing machine 
through the following steps:

1)	 Initialization: Utilize clustering techniques to ini-
tialize the SNN’s state to the discrete set Ql  and 
load the initial tape symbols into the synaptic 
weight matrix W.

2)	 State computation: Compute the next state vt 1+  
using the dynamic model f based on the current 
state vt  and input .xt

3)	 Symbol update: Adjust the synaptic weights W to 
update the tape symbol to .vl

4)	 Read-write head movement: Determine the 
movement direction d and update the head po-
sition p.

5)	 Iteration: Repeat the processes of state update, 
symbol writing, and head movement until reach-
ing a halt state.

Through theoretical proof and validation, the SNN 
programming language effectively simulates a Tur-
ing machine by approximating finite states through 
clustering. The simulation error originates primarily 
from the state discretization process, but its impact 
on global result consistency is controllable. The SNN 
language not only accurately simulates the com-
putational processes of a Turing machine but also 
demonstrates powerful parallel capabilities, providing 
more efficient solutions for complex computational 
scenarios.

COMPILER DESIGN
The compiler architecture [see Figure 6(b)]. for this 
digital subscriber line (DSL) is designed with a layered 
structure, emphasizing flexibility and extensibility. It 
includes several key stages:

	❯ Front end: The general-purpose program, written 
in the DSL, is processed in the front end. The pri-
mary role of the front end is to analyze the source 
code and transform it into an intermediate rep-
resentation (IR). This representation is more ab-
stract than machine code but structured enough 
for further analysis and transformation.

	❯ Program segmentation and equation solving: 
At this stage, the program is segmented, and 
any necessary equation solving is performed. 
This step ensures that complex mathematical 
or logical relationships are handled efficient-
ly, preparing the code for further synthesis and 
optimization.

	❯ Program synthesis: Following segmentation, 
the compiler enters a synthesis phase. This is 
where the source program is translated into a 
more concrete form, likely as a prelude to gener-
ating intermediate code or interacting with the 
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low level virtual machine (LLVM) framework [see 
Figure 6(a)] 

	❯ LLVM IR and code generation: The system lever-
ages the LLVM framework, specifically using the 
LLVM IR as a middle layer. This IR is processed 
by LLVM’s code generation mechanisms, en-
abling optimization and eventual compilation 
into target machine code. The back-end phase 
focuses on transforming the IR into execut-
able target code suitable for specific hardware 
architectures.

	❯ Neuromorphic hardware interface: A notable 
aspect of this architecture is the interface with 
neuromorphic hardware. The DSL appears to be 
tailored to systems that involve neural dynamics 
and network topology. The compiler has built-
in mechanisms for handling neural dynamic 
code generation, indicating that the language is 
used in specialized environments such as brain- 
inspired or neuromorphic computing systems.

	❯ Neural dynamics and network topology: During 
the code generation phase, the compiler takes 
into account the neural network topology and 
dynamic behaviors. These components are cru-
cial for translating high-level abstractions into 
forms that can be efficiently executed on neuro-
morphic systems, such as those modeled after 
biological neural networks.

	❯ Target code and back end: Finally, the compiler’s 
back end generates the target machine code, 

utilizing the LLVM back end to produce highly op-
timized and hardware-specific instructions that 
can run efficiently on the underlying neuromor-
phic or general-purpose hardware.

CASE STUDY
SNNL Workflow Experiments
Figure 7 shows a complete workflow from defining 
neuron models using SNNL to deployment of the mod-
el onto a neuromorphic system.

As shown in Figure 7(a), the SNN is composed of 
three groups of neurons: the input, excitatory, and in-
hibitory layers. In the input layer, the raw data are en-
coded into spike trains using Poisson encoding. The 
excitatory layer is fully connected with the input lay-
er, and the synapses between are trained using STDP 
rules. Both the excitatory and inhibitory layers have the 
same amount of neurons. Each neuron in the excitato-
ry layer is uniquely connected to one corresponding 
neuron in the inhibitory layer. Neurons in the inhibitory 
layer are reversely connected to every neuron in the 
excitatory layer except the one from which it receives 
spikes.

Figure 7(b) gives three code snippets of SNNL to 
represent the modeling of leaky integrate-and-fire 
neurons, modeling of synapses with STDP learning 
rules, and construction of the neural network.

Figure 7(c) depicts the compilation of SNNL. The 
codes representing the dynamics of neurons and 

(a) (b)

FIGURE 6.  (a) Program synthesis. (b) Compiler architecture.
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FIGURE 7.  Unsupervised learning using STDP. (a) A three-layer SNN and visualized weights between the first two layers. (b) 

Code snippets using SNNL programming for the aforementioned SNN. (c) Compiled results. (d) The executable file is fed to the 

neuromorphic system for implementation.
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synapses are compiled into instructions and further 
into machine codes, which the neuromorphic cores 
support. The neural network is abstracted as a graph 
where each node is an entity that comprises a set of 
computations corresponding to the dynamics of neu-
rons and synapses. As the dynamics of each neuron 
and synapse can be simulated in parallel, the nodes in 
the graphs are distributed across different neuromor-
phic cores for execution. Finally, we obtain the execut-
able file and deploy it onto the neuromorphic system.

Performance Results
To quantitatively evaluate the performance of our 
proposed SNNL framework, we conducted a compar-
ative analysis against representative SNN program-
ming and mapping frameworks for neuromorphic 
hardware: SpiNeMap,15 the core mapping algorithm 
of TrueNorth,7 and DFSyn.16 The evaluation focuses on 
two critical performance indicators for neuromorphic 
computing: total energy consumption and inference 
latency. For a fair comparison, the results for all frame-
works are normalized to those of SpiNeMap.

Figure 8 illustrates the normalized energy con-
sumption. The results clearly indicate that SNNL 
achieves a significant reduction in energy usage 
across the benchmarks. This efficiency gain is attribut-
ed to SNNL’s optimizing compiler, which translates the 
high-level description of neural dynamics into com-
pact, hardware-specific machine code. This process 
minimizes redundant operations and leverages the 
energy-efficient features of the target neuromorphic 
architecture.

The latency results, shown in Figure 9, follow a sim-
ilar trend. SNNL consistently demonstrates the lowest 
inference latency compared to the baseline frame-
works. This improvement stems from the compiler’s 
ability to generate an optimized execution schedule 

and perform efficient task-to-core mapping, which 
reduces both computational overhead and intercore 
communication delays on the NoC.

Overall, these empirical results confirm that SNNL 
not only simplifies the development process but also 
produces highly efficient SNN implementations, out-
performing existing frameworks in both energy and 
speed.

CONCLUSION
This work presented SNNL, a novel programming lan-
guage designed to streamline the development and 
deployment of SNNs on neuromorphic hardware. By 
leveraging a modular approach that separates neural 
dynamics from network topology, SNNL introduces a 
flexible and intuitive framework for modeling neuron 
and synapse dynamics. SNNL supports the construc-
tion of complex network topologies, enabling users to 
define neural assemblies and synaptic connections 
with ease.

Experimental results demonstrated the effec-
tiveness of SNNL in developing SNN applications for 
neuromorphic systems, showcasing its capability to 
handle complex dynamics and network topology. By 
reducing development complexity and improving ac-
cessibility, SNNL has the potential to accelerate the 
adoption and advancement of SNN-based neuromor-
phic computing applications.

Future work will focus on expanding the language’s 
capabilities, including enhanced support for hybrid ar-
chitectures and online learning mechanisms, to further 
broaden its applicability in neuromorphic research.
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