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Abstract

Robust fitting of geometric models is a fundamental task
in many computer vision pipelines. Numerous innovations
have been produced on the topic, from improving the effi-
ciency and accuracy of random sampling heuristics to gen-
erating novel theoretical insights that underpin new ap-
proaches with mathematical guarantees. However, one as-
pect of robust fitting that has received little attention is en-
ergy efficiency. This performance metric has become criti-
cal as high energy consumption is a growing concern for AI
adoption. In this paper, we explore energy-efficient robust
fitting via the neuromorphic computing paradigm. Specifi-
cally, we designed a novel spiking neural network for robust
fitting on real neuromorphic hardware, the Intel Loihi 2.
Enabling this are novel event-driven formulations of model
estimation that allow robust fitting to be implemented in the
unique architecture of Loihi 2, and algorithmic strategies
to alleviate the current limited precision and instruction set
of the hardware. Results show that our neuromorphic ro-
bust fitting consumes only a fraction (15%) of the energy
required to run the established robust fitting algorithm on a
standard CPU to equivalent accuracy.

1. Introduction
Many computer vision pipelines, ranging from visual
SLAM, 3D reconstruction to image stitching, need
to estimate geometric models from noisy and outlier-
contaminated measurements that occur when operating in
real-world environments [48]. Often, this is achieved by
optimising the model parameters according to a robust cri-
terion defined over the data, known as robust fitting.

Random sampling heuristics such as RANSAC [29] and
its variants [46] are established techniques for robust fit-
ting. Such methods usually deliver satisfactory outcomes,
but provide little insights on the veracity of the results [64].
On the other hand, techniques that rely on mathematical
programming can provide some quality guarantees, but are

typically too slow to be practical on real data [17].
Significant research has been devoted into robust fitting

for computer vision. This includes improving the speed,
accuracy and generalisability of random sampling meth-
ods [8, 21, 57] and deriving theoretical insights to bet-
ter inform the design and usage of mathematical program-
ming techniques (e.g., adapting to special cases, relaxing
the guarantees) [42, 55]. Machine learning approaches that
can leverage statistics in training data to hypothesis sam-
pling have also been developed [11]. Recently, quantum
computing has also been explored for robust fitting [18].

An aspect of robust fitting algorithm research that has
received comparatively little attention is energy efficiency.
With the rapidly rising energy consumption of AI systems
becoming a concern [22], it is vital to develop vision al-
gorithms that are energy-efficient. We argue that devising
low-power alternatives for core components such as robust
fitting is an essential step to enable ambitious low-power
end-to-end 3D vision pipelines.

In this paper, we explore energy-efficient robust fitting
via the neuromorphic computing, which is a bio-inspired
computational model where a network of processing units
called spiking neurons asynchronously send spike-based
messages to each other [60]. Such a structure is called a
spiking neural network (SNN). Due to the massive paral-
lelism, stochastic behaviour, and event-driven computing,
SNNs promise higher energy efficiency than conventional
computing, including artificial neural networks (ANN) [35].

Currently available neuromorphic processors that can
implement SNNs include IBM TrueNorth [49], SpiN-
Naker [34] and Intel Loihi 1 and 2 [24, 53, 62]. Comprehen-
sive experiments [25] indicate the much higher energy effi-
ciency of the neuromorphic devices, which underlines their
potential in reducing the energy consumption of data cen-
tres [3] and their application on embodied AI systems [44].

Contributions We develop an SNN that can conduct ro-
bust fitting on neuromorphic hardware, specifically Intel
Loihi 2 [62]. Underpinning our SNN are novel event-driven
formulations of core steps in robust fitting, namely minimal
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subset sampling, model estimation and model verification,
that make the problem amenable to a neuromorphic treat-
ment. We also propose strategies to mitigate the current
limitations on precision and instruction set of Loihi 2.

When simulated on the CPU, results of our SNN on
synthetic data and real datasets verify its correctness and
competitive accuracy relative to state-of-the-art robust fit-
ting methods. Importantly, experiments on Loihi 2 illustrate
the vastly superior energy efficiency of our SNN, in that it
consumes only a fraction (15%) of the energy required by
established methods on the CPU.

2. Related work
2.1. Computing paradigms for robust fitting
Due to the crucial role of robust fitting in computer vision,
various computing paradigms and hardware platforms have
been explored to accelerate their execution.

FPGAs offer highly parallel computing capabilities,
making them well-suited for real-time robust fitting tasks.
Several works have explored robust fitting on FPGAs, lever-
aging the mechanism of parallel hypothesis evaluation to
improve performance [67–69]. However, challenges such
as limited on-chip memory, as well as difficulties in pro-
gramming, optimising, and debugging algorithms, make
FPGA implementations nontrivial [61].

By devising differentiable versions of robust fitting and
reformulating the problem as a machine learning task [12,
13, 70], GPUs have been adopted to conduct robust fitting.
However, inferencing large neural networks on GPUs can
be energy intensive [5, 31, 32]. Also, machine learning ap-
proaches suffer from generalizability issues if the testing
data distribution differs from the training data distribution.

Recently, robust fitting using quantum computing has
gained significant interest within the research commu-
nity [17, 26, 72]. These studies have shown promising po-
tential for accelerating robust fitting processes. However,
the quantum approaches remain in an experimental phase,
with testing limited to small-scale data due to current hard-
ware limitations. Furthermore, quantum computers have
high energy demands due to cooling requirements [45, 51].

Unlike the above, we show that neuromorphic comput-
ing offers both high energy efficiency and usability.

2.2. Neuromorphic computing for optimisation
Research on algorithms in neuromorphic computing can
be broadly categorized into two main directions: machine
learning and optimization [25, 60]. Learning approaches
focus on converting pre-trained ANNs into corresponding
SNNs for on-chip inference, directly learning SNN param-
eters through training equivalent proxy ANNs, and approx-
imation of backpropagation on neuromorphic hardware. In
the optimization domain, the spike-based temporal process-

ing characteristics of SNNs are exploited to develop solu-
tions for optimization tasks. Our work belongs to the latter.

The temporal dynamics of SNNs have been actively ex-
plored in combinatorial and continuous optimization. In in-
teger domains, a majority of handcrafted SNNs were de-
signed for constraint satisfaction problems (CSPs), includ-
ing travelling salesman problem, Sudoku, Boolean satisfi-
ability and graph coloring [10, 30, 40, 54, 71]. The core
idea behind these approaches is to encode CSP variables
and constraints into an SNN topology. The SNN-based CSP
solvers iteratively explore and refine the solution space, un-
til seeking an assignment for variables that satisfy all con-
straints of the original CSP problem. Another line of fo-
cus in SNN-based combinatorial solvers is quadratic uncon-
strained binary optimization (QUBO) [6, 23, 28, 50, 56].
While the primary objective of CSP solvers is to find fea-
sible assignments to a combinatorial optimization problem,
QUBO aims to find optimal solutions, where the inherent
spike-based temporal dynamics of SNNs can be viewed as
iterative solvers for optimization problems [44, 56, 63].

2.3. Neuromorphic computing for vision
Neuromorphic computing is receiving increased attention
in the vision community [15, 59, 66]. [15, 59] designed
SNN-based for optical flow estimation from event stream
data. [66] integrated Loihi chip as a co-processor for com-
puting angular error for drone control tasks. Neuromor-
phic computing has been explored in visual place recog-
nition [37] and SLAM [41]. It is worthwhile to note that
not all the works have tested on actual neuromorphic pro-
cessors. Moreover, few have paid attention to robust fitting.

3. Preliminaries
We first review the problem formulation for robust fitting
before giving a brief overview of SNNs and Intel Loihi 2.

3.1. Robust fitting
We describe the procedure for robustly fitting a linear re-
gression model, which is the specific problem targeted by
our proposed SNN. This does not reduce the applicabil-
ity of our ideas since many geometric models can be lin-
earized [36, Chap. 4]. Moreover, our main aim is to es-
tablish the viability of neuromorphic robust fitting, and its
extension to nonlinear models is left as future work.

Given a set of N measurements D = {(xi, yi)}Ni=1,
where xi ∈ Rd and yi ∈ R, we wish to estimate the lin-
ear equation y = xTθ. The least squares (LS) solution is

θ̂ = argmin
θ∈Rd

N∑
i=1

(yi − xT
i θ)

2 = argmin
θ∈Rd

∥Xθ − y∥22 (1)

where X ∈ RN×d and y ∈ RN are obtained by vertically
stacking {xT

i }Ni=1 and {yi}Ni=1, respectively. If D contains
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outliers, θ̂ will be biased. Instead, robust fitting aims to find
the model θ that minimizes the objective function

N∑
i=1

ρ
(∣∣yi − xT

i θ
∣∣) , (2)

where ρ is a robust loss [74]. Widely used in vision is

ρ(r) =

{
1 r > ϵinlier,

0 otherwise,
(3)

where ϵinlier is the inlier threshold, hence, minimizing (2)
with (3) is equivalent to maximizing the inlier count

Ψ(θ) =

N∑
i=1

I
(∣∣yi − xT

i θ
∣∣ ≤ ϵinlier

)
(4)

of θ, where I(·) is an indicator function that returns 1 if the
input condition is true and 0 otherwise. The value Ψ(θ) is
called the consensus of θ [16], and the resultant estimate is
robust to outliers provided ϵinlier was selected appropriately.

Generating model hypotheses θ by sampling minimal
subsets is a successful approach for robust fitting [47]. Ba-
sically, three main steps are repetitively executed:
1. Sample a d-subset S ⊂ D (minimal subset) of the data.
2. Estimate a model hypothesis by LS fitting (1) on S.
3. Evaluate the quality of the hypothesis using (2).
At termination, the algorithm returns the model with the
best objective value. If the number of repetitions K is large
enough, at least one all-inlier minimal subset S will be sam-
pled, leading to a robust estimate of the model.

3.2. SNN
A neuromorphic algorithm can be designed as an SNN that
is then executed on a neuromorphic computer [60]. Con-
ceptually, an SNN consists of a set of N spiking neurons,
where each pair of neurons is connected via synapses. The
synaptic connection strengths are represented by a weight
matrix W = [wij ] ∈ RN×N , where wij = 0 indicates the
absence of a connection between the i-th and j-th neurons.

Each spiking neuron comprises internal states that accu-
mulate input stimuli over time, and emits spikes only when
predefined conditions are met. Upon spiking, it transmits
a spike signal to connected neurons and may enter into a
refractory (inactive) period. Well-known spiking neuron
models include Leaky Integrate-and-Fire [33], Resonate-
and-Fire [38] and Izhikevich [39], though the SNN frame-
work is flexible enough to allow custom neurons with spe-
cific computations. The synaptic weights and neuronal pro-
cessing define the problem that is solved by the SNN.

3.3. Intel Loihi 2
Each Loihi 2 chip [53] houses 128 asynchronous neuromor-
phic cores (neuro cores) which can simulate up to 8192

stateful and parallel spiking neurons. At each neuro core,
the ingress spikes from other cores enter a Synapse block,
where a dense/ sparse matrix-vector multiplication or con-
volution is performed; see Fig. 1. The result is then ac-
cumulated and passed as inputs to the Neuron block. Here,
stateful neuron programs are executed and 24-bit spike mes-
sages are generated and routed to other neuro cores [24, 44].
The SNN architecture can be designed using Dense, Sparse,
and Convolution synaptic configurations of 8-bit weights,
and the neuron models can be customised through assem-
bly code with up to 24-bit internal states.

=

1

11

11 =

transpose

flatten

flatten element-wise
multiplication

OutSynapse NeuronDendrite
accumulator AxonIn

Figure 1. The top diagram shows a high-level schematic of a neuro
core in Loihi 2. Note that Neuron block is programmable. The bot-
tom diagram shows our technique to emulate matrix-matrix multi-
plication and how it is mapped onto the neuro core. See Fig. AA
Supplementary for more details.

4. Neuromorphic robust fitting
Here, we describe the proposed SNN for neuromorphic
robust fitting, including the mathematical underpinnings,
spiking neuron designs, and hardware implementation de-
tails. Note that while spiking neurons are conceptually
asynchronous or event-driven [60], the operations of neu-
rons below are described using discrete timesteps t to give
more intuitive depiction of time evolution. This matches the
programming at the neuron level in real neuromorphic com-
puters such as Loihi 2, which are fully digital devices [24].
However, it should be reminded that t is the algorithmic
time rather than a global synchronous clock.

4.1. SNN for robust fitting
Fig. 2 illustrates the proposed SNN for robust fitting, called
NeuroRF, which consists of the following neurons:
• N RandomSampling neurons {zi}Ni=1.
• d ModelHypothesis neurons {θj}dj=1.
• Nd Auxiliary neurons {θ′i,j}

j=1,...,d
i=1,...,N .

• N ComputeResidual neurons {cj}Nj=1.
• 1 InlierCounter neuron Σ.

Algorithm 1 defines the internal arithmetic operations
that evolve the state of each neuron. Note that, unlike in
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the case of classical (von Neumann) computers, there is
no clear main body and parent-subfunction relationships,
though the neurons influence each other by sending output
spikes through the interconnections.

Sampling Model verificationModel fitting

RandomSampling neurons

Auxiliary neurons

ModelHypothesis neurons

ComputeResidual neurons

InlierCounter neuron

Figure 2. The proposed NeuroRF SNN.

The behaviour of NeuroRF will be described in more de-
tail below via its main operations, while details of imple-
mentation on Loihi 2 will be provided in Sec. 4.2.

4.1.1. Random sampling
As the name suggests, the role of the RandomSampling neu-
rons is conducting random sampling of the input data. Each
zi is a binary variable, where zi = 1 means that the i-th
point (xi, yi) is selected and zi = 0 means otherwise.

For a d-dimensional model, each neuron emits a spike
with probability d/N . This is encoded in a simple dynamic
by comparing a randomly generated number with a constant
d/N . However, since the neurons sample independently,
they may not collectively select exactly d points. Since we
conduct estimation using gradient descent (details to fol-
low), over- or under-sampling the points (including select-
ing no points) do not cause numerical issues.

4.1.2. Model hypothesis generation
The LS objective (1) can be written in the quadratic form

f(θ) = θTQθ + pTθ, (5)

where Q = XTX and pT = −yTX. Since f(θ) is con-
vex, it justifies using gradient descent (GD) to solve least
squares, where the first-order gradient is

∇f(θ) = Qθ + p, (6)

and we iteratively update θ via

θ(t) = θ(t−1) − α
(
Qθ(t−1) + p

)
(7)

with α being the step size or learning rate for M iterations.
Previous studies have shown that the spike-based tempo-

ral dynamics of SNNs align with the behaviour of classical

iterative solvers [44, 52, 56, 63]. In fact, the GD iteration (7)
readily lends itself as the dynamic equations for the Model-
Hypothesis neurons, where each evolves according to

θ
(t)
j = θ

(t−1)
j − α

(
qjθ

(t−1) + pj

)
, (8)

with qj being the j-th row of Q and pj being the j-th el-
ement of p. Conceptually, qj and pj are respectively the
synaptic weights and bias leading into the j-th neuron.

However, a direct application of (8) is problematic for
our aims, since the data for estimation is encoded in Q and
p, which need to be repetitively sampled at each robust fit-
ting iteration, while the synaptic weights and biases are con-
stant in the Synapse block of Loihi 2 during operation.

We propose an algebraic manipulation that enables fully
neuromorphic random sampling and model hypothesis gen-
eration. Collecting the RandomSampling states in a vector
z = [z1, z2, . . . , zN ]

T , we “lift” the gradient (6) as

∇f(θ, z) = Q′θ′ +P′z (9)

where

Q′ =
[
x1x

T
1 x2x

T
2 . . . xNxT

N

]
∈ Rd×Nd,

θ′ = vec
(
zθT

)
= z⊗ θ ∈ RNd,

P′ = [−y1x1 − y2x2 . . . − yNxN] ∈ Rd×N .

(10)

Note that the⊗ is the Kronecker product. The lifting allows
the gradient to be a function of the data selection via z. The
GD update is now also dependent on z, i.e.,

θ(t) = θ(t−1) − α
(
Q′θ′(t−1) +P′z

)
. (11)

See Sec. A Supplementary for details of the derivation.
Note that the extreme cases (z = 1 and z = 0) do not cause
numerical issues, since the gradient reduces to ∇f(θ) and
0 respectively (no operation in the latter case).

The expansion (10) creates Nd Auxiliary neurons θ′,
which are unrolled into {θ′i,j}

j=1,...,d
i=1,...,N . Each Auxiliary neu-

ron evolves according to

θ
′(t)
i,j = z

(t−1)
i θ

(t−1)
j , (12)

which behaves as a coupling of a pair of RandomSampling
and ModelHypothesis neurons. More importantly, the Mod-
elHypothesis neurons now follow the dynamical equation

θ
(t)
j = θ

(t−1)
j − α

(
q′
jθ

′(t−1) + p′
jz
)
, (13)

where q′
j is the j-th row of Q′ and p′

j is the j-th row of
P′. The synaptics weights and biases leading into the j-th
ModelHypothesis Neuron θj are now constant.
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Algorithm 1 NeuroRF algorithm

RandomSampling layer
Require: Switching probability prob = d

N
Require: τ = 2M + 4, L = K ∗ τ

1: Initialize k ← 0, counter ← 0
2: Initialize z(0) ← 0N

3: for t = 1, 2, . . . ,L do
4: counter += 1
5: next sampling idx = τ ∗ k + 1

6: if counter = next sampling idx then
7: k += 1
8: γ(t) = rand[0, 1)
9: z(t) = prob ≥ γ(t)

10: else
11: z(t) = z(t−1)

12: Send z(t) to connected Auxiliary and ModelHy-
pothesis layers.

Auxiliary layer
Require: Connection matrices Fd, FN

Require: τ = 2M + 4, L = K ∗ τ
1: Initialize θ′(0) ← 0Nd
2: Initialize k ← 1, counter ← 0

3: for t = 1, 2, . . . ,L do
4: z in(t) = Fd ⊛ z(t−1)

5: θ in(t) = FN ⊛ θ(t−1)

6: counter += 1
7: next sampling idx = τ ∗ k + 1

8: if counter = next sampling idx then
9: k += 1

10: θ′(t) = 0Nd
11: else
12: θ′(t) = z in(t) ∗ θ in(t)

13: Send θ′(t) to connected ModelHypothesis layer.

4.1.3. Model verification
The ComputeResidual and InlierCounter neurons calculate
the residuals and consensus (4) of the current model esti-
mate (states of the ModelHypothesis neurons). These are
straightforward, and the reader is referred to Algorithm 1.

4.2. Mitigating hardware limitations
To implement NeuroRF on Loihi 2 [62], the SNN architec-
ture and synaptic weights are defined on a host CPU, then
mapped to the neuro cores of Loihi 2 via the Lava frame-
work [1]. Consensus sets found are read out and returned
to the host CPU once the algorithm finishes. This probe is
performed by special embedded processors that can access
the states of neuro cores [15, 27].

However, Loihi 2 has several constraints: 8-bit weights

Algorithm 1 NeuroRF algorithm (cont.)

ModelHypothesis layer
Require: Connection matrices Q′, P′ and learning rate α
Require: τ = 2M + 4, L = K ∗ τ

1: Initialize θ(0) ← 0d
2: Initialize k ← 1, counter ← 0

3: for t = 1, 2, . . . ,L do
4: a in(t) = Q′θ′(t−1)

5: bias(t) = P′z(t−1)

6: counter += 1
7: next sampling idx = τ ∗ k + 1
8: if counter = new sampling idx then
9: k += 1

10: θ(t) = 0d
11: else
12: if counter is odd then
13: total grad (t) = a in(t) + bias(t)

14: θ(t) = θ(t−1) − α ∗ total grad(t)

15: else
16: θ(t) = θ(t−1)

17: Send θ(t) to Auxiliary layer

ComputeResidual layer
Require: Connection matrix X, bias vector y and inlier

threshold ϵinlier
Require: τ = 2M + 4, L = K ∗ τ

1: Initialize c← 0N

2: for t = 1, 2, . . . ,L do
3: a in(t) = Xθ(t−1)

4: res(t) = a in(t) − y
5: c(t) = |res(t)| ≤ ϵinlier
6: Send c(t) to InlierCounter neuron

InlierCounter neuron
Require: Connection matrix 1T

N
Require: τ = 2M + 4, L = K ∗ τ

1: for t = 1, 2, . . . ,L do
2: Ψ(t) = 1T

Nc(t−1)

which can limit the instance size for testing, no support for
floating-point arithmetic, a reduced instruction set (no di-
vision) and synapse configurations with limited customis-
ability [2, 44, 56]. Here, we present strategies to mitigate
these constraints. Note that the limitations may be solved in
future iterations of Loihi, and do not detract from the math-
ematical and logical consistencies of NeuroRF.

Integer arithmetic All data D is assumed integer or con-
verted to integer from rational numbers. The optimal model
estimate θ may not be integral, but NeuroRF is aimed at
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finding the best integer solution. As we will show in Sec. 5,
the integer approximation does not significantly reduce the
quality (consensus size) obtained, as observed in other ap-
plications on Loihi 2 [44, 63].

Random sampling Loihi 2’s pseudo-random generator
(PRG) is restricted to either 16 or 24 bit integers [56]. We
describe our approach to using 16-bit PRG, but the idea is
similar for the 24-bit PRG. Let LFSR ∈ [0, 216− 1] be the
Loihi 2-generated random number. The required threshold
γ ∈ [0, 1) is mathematically obtained as

γ =
LFSR

216 − 1
≈ LFSR

216
. (14)

From Algorithm 1, the switching condition for a Random-
Sampling neuron is mathematically defined as

d >
N ∗ LFSR

216
. (15)

We approximate the division using the arithmetic right shift,
leading to the switching logic

d > ((N ∗ LFSR)≫ 16). (16)

GD update step size The GD process (11) requires a step
size parameter α, which should be sufficiently small to not
cause divergence. To allow a floating-point α, we use fixed-
point representation [44, 63] for storing α. Specifically, an
α ∈ R can be converted to a fixed-point counterpart

ᾱ = ceil(α ∗ 2β), (17)

where β ∈ Z is a tuned constant. Here ᾱ is rounded up to
the nearest integer. The update (11) can be approximated as

θ(t) = θ(t−1) −
(
Q′θ′(t−1) +P′z

) ᾱ

2β
. (18)

Using the arithmetic right shift, the GD update becomes

θ(t) = θ(t−1) −
[(

Q′θ′(t−1) +P′z
)
∗ ᾱ

]
≫ β (19)

This approximation at each update step could cause overall
drift of the solution [44, 63], thus the number of steps should
be kept small to avoid large build-up of errors.

Matrix-matrix multiplications On Loihi 2, neurons
must connect through Synapse (See Fig 1), where an inter-
action θ′ = vec(zθT ) is not feasible. To realise the Auxil-
iary neural dynamics, we introduce two synaptic connection
matrices into θ′

θ′ = vec
[(
1dz

T
)T ] ∗ vec (1Nθ

T
)
. (20)

Here 1d and 1N can be viewed as synaptic weights of
matrix-matrix multiplication Synapses, which are not sup-
ported on Loihi 2. To overcome this limitation, we emulate
matrix-matrix multiplication with Conv Synapse(

1dz
T
)
= Fd ⊛ z,

(
1Nθ

T
)
= FN ⊛ θ, (21)

where ⊛ is a convolution operation. FN ∈ RN×1×1 and
Fd ∈ Rd×1×1 are respectively the set of N and d (1 × 1)
convolutional filters. See Fig. 1 for a visual explanation of
our approach to emulate matrix-matrix multiplication and
how this process is mapped onto neuro cores.

5. Results
Our experiments focused on establishing the correctness of
NeuroRF, its performance on a neuromorphic chip, and its
potential in lowering the energy cost of robust fitting.

5.1. Method variants
Two different variants of NeuroRF were used:
• NeuroRF-CPU: NeuroRF was implemented in Lava [1]

with 64-bit floating-point arithmetic and x86-64 instruc-
tion set, and run on an Intel Core i7-11700K. This simu-
lated NeuroRF on a CPU.

• NeuroRF-Loihi: NeuroRF was implemented on Loihi 2
(specifically on the single-chip Oheo Gulch board [2])
using Lava-Loihi 0.7.0 [1] and Loihi assembly lan-
guage [53]. Note that Loihi 2 had limited precision and
instruction set, which we mitigated in Sec. 4.2.

5.2. Correctness of NeuroRF
We first validate NeuroRF on robust linear regression via
synthetic data. For each data instance, we randomly gen-
erated a true model θ∗ and N independent measurements
{xi}Ni=1. Each yi was then computed based on linear model
y = θTx and perturbed with Gaussian noise of σinlier =
0.1. To simulate outliers, η% data points were randomly
corrupted with Gaussian noise of σoutlier = 1.5. The inlier
threshold ϵinlier was set to 0.5.

To rigorously test our method, we generated 65 prob-
lem instances of varying levels of difficulty, with 5 instances
produced for each combination of (N, d, η):
• N ∈ [100, 200, 400, 300, 500] with d = 8 and outlier

ratio η = 20.
• d ∈ [2, 3, 6, 8] with N = 200 and η = 20.
• η ∈ [10, 20, 30, 40, 50, 60] with N = 200 and d = 8.

We compared NeuroRF and a classical robust fitting al-
gorithm RANSAC [29], denoted as RS-CPU, running on
an Intel Core i7-11700K. The number of iterations K was
set to 300 for both methods, while M = 200 and α = 0.02
were configured for NeuroRF-CPU. Since the goal here is
to verify the correctness of our SNN on synthetic data, it is
sufficient to compare against RS-CPU. We will benchmark
against more advanced methods on real data in Sec. 5.4.
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To evaluate robust fitting accuracy, we employed the nor-
malized Euclidean distance between the ground-truth and
output models, θgt and θest, from a robust fitting method:

100 ∗ ∥θgt − θest∥2/∥θgt∥2. (22)

We recorded the average and std. dev. of the normalized
distance over 10 trials for each method.

Fig. 3 plots the normalized distance across the N , d
and η variations. NeuroRF-CPU achieved comparable per-
formance to RS-CPU on the three setups, which confirms
the algorithmic soundness of NeuroRF and its effectiveness
in handling high-dimensional problems. Also, see Sec. C
Supp. for runtime results. Note that the runtime figures
here were from simulating NeuroRF on a CPU, and hence
are not reflective of runtime on Loihi 2.

5.3. Performance on neuromorphic hardware
Due to the relatively low capacity of Loihi 2, we
tested NeuroRF-Loihi on line fitting problems only (d = 2).

Since the synaptic weights are 8 bits only, we generated
synthetic data as follows: in each instance, the true model
θ∗ was sampled from {−10,−9, . . . , 9, 10}2, from which
N ∈ {10, 20} integer points that satisfy the linear relation
were generated. All points were randomly corrupted with
noise of ±1, before η ∈ {10, 20, . . . , 50} percent were se-
lected and corrupted further with noise of ±4. For each
(N, η) combination, we generated 5 instances, leading to a
total of 50 line fitting problems.

We compared NeuroRF-Loihi and RS-CPU; the more
advanced methods (Sec. 5.4) were not more energy-efficient
than RS-CPU. For both methods, ϵinlier was set to 4 and the
number of iterations K was set to 100. For NeuroRF-Loihi,
we also set M = 200, α = 0.02 and β = 10.

We recorded the distance (22), runtime and dynamic en-
ergy consumption of the methods. Results were averaged
over 10 trials and the std. dev. was also provided in the
case of consensus size. For RS-CPU, runtime was obtained
with time python module while the energy consumption was
measured with Intel’s RAPL technology via pyJoules [4].
For NeuroRF-Loihi, the energy consumption and runtime
were obtained via the built-in Loihi 2 Profiler.

Fig. 4 shows results for N = 20 (plots for N = 10
are available in Sec. D Supp). Fig. 4a shows the normal-
ized distance in percentage of NeuroRF-Loihi and RS-CPU,
which clearly indicates that both are on par in terms of
soluton quality. Fig. 4b shows that NeuroRF-Loihi con-
sumed about only 15% of the energy required by RS-CPU,
a definitive proof of the much higher energy-efficiency
of NeuroRF-Loihi. However, Fig. 4c shows that the run-
time of NeuroRF-Loihi was greater than RS-CPU. This was
probably because NeuroRF-Loihi employed GD for LS,
while RS-CPU solved LS analytically. Also, the speed of
each Loihi 2 node is not as high as a cutting-edge CPU.

5.4. Affine image registration
We illustrate the applicability of NeuroRF to robust fitting
on real visual data through an image registration problem.

An affine transformation HA warps a point x in one im-
age to a corresponding point x′ in another image via

x′ = HAx̃, (23)

where x′ = (x′, y′) and x̃ = [xT 1] = (x, y, 1) is x in ho-
mogeneous coordinates. The 2 × 3 affinity matrix HA can
be estimated by solving a linear system constructed from 3
point correspondences [36, Chap. 2]. Each correspondence
⟨x′

i,xi⟩ contributes two equations, forming a system of six
equations to estimate 6 parameters. The model dimension
d of the affine image registration problem is hence 6. When
outliers are present in the correspondences, robust estima-
tion methods can be applied with a minimal subset size of
3. For the conversion to (4) and how to apply our method to
affine transformation, see Sec. B Supp.

We created affine registration instances from 8 scenes
of VGG Dataset1. In total, 40 image pairs were selected
and SIFT feature matches were extracted with VLFeat tool-
box [65], which were pruned using Lowe’s 2nd nearest
neighbor test. See Fig. 5 for samples and qualitative results.

Metric As most VGG ground-truth homographies are
near-affine, the estimated affine matrix HA can be lifted to
a full homography Hest ∈ R3×3 by appending a projec-
tive row [36, Chap. 2]. We follow the evaluation protocol
in [43, 58, 73] and compute the area under the cumulative
error curve (AUC). For each pair, we project the four cor-
ners using ground-truth and estimated homographies, com-
pute the corner error, and report AUC up to a 10-pixel
threshold. See, e.g., [58, Sec. 5.2], for details of this metric.

Competitors We compared the performance of NeuroRF-
CPU against RANSAC [29] and the advanced meth-
ods: LO-RANSAC [20], PROSAC [19], Graph-cut
RANSAC [7] and MAGSAC++ [9]. Except RANSAC,
which was implemented with numpy, other methods were
based on OpenCV [14]. Also, LS refinement was executed
on the final consensus for all random sampling methods. We
set the hyperparameters K = 300 for all 6 solvers, while
M = 200 and α = 0.02 were selected for NeuroRF-CPU.

Results We report the AUC at 5 and 10 pixels for these
methods on two subsets: the near-affine subset (30 im-
age pairs) and the entire dataset. As shown in Tab. 1,
our NeuroRF-CPU achieved competitive AUCs compared
to RS-CPU and OpenCV’s RANSAC on both subsets. Note
that the full dataset includes two non-affine scenes, which
likely contribute to higher corner projection errors and
lower AUC due to their projective transformations. Qualita-
tive results from our NeuroRF-CPU are provided in Fig. 5.

1https://www.robots.ox.ac.uk/ vgg/research/affine/
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Figure 3. Normalized Euclidean distance (%) across various levels of difficulty. Results were averaged over 10 trials for each method.
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Figure 4. Performance on neuromorphic hardware. (a) Normalized Euclidean distance (%), (b) average dynamic energy consumption and
(c) average runtime of NeuroRS-Loihi and RS-CPU on synthetic line fitting instances with N = 20 points, plotted against outlier rate.
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Figure 5. Green and red lines represent inliers and outliers found
by NeuroRS-CPU on two affine image registration instances.

6. Conclusions and future work

We designed an SNN for robust fitting and implemented it
on a real neuromorphic processor. Despite the limitations
of the current neuromorphic hardware, by carefully miti-
gating the constraints, we were able to establish the viabil-
ity of neuromorphic robust fitting and its superior energy

Methods Near-affine only Full dataset
AUC@5 AUC@10 AUC@5 AUC@10

RANSAC [29] 0.396 0.61 0.297 0.458
MAGSAC++ [9] 0.393 0.599 0.294 0.449
GC-RANSAC [7] 0.397 0.61 0.298 0.458
PROSAC [19] 0.396 0.608 0.297 0.456
LO-RANSAC [20] 0.397 0.611 0.298 0.458
NeuroRF-CPU 0.396 0.608 0.297 0.456

Table 1. AUC evaluated at 5 and 10 pixels. Values closer to 1
indicate better performance.

efficiency compared to the original CPU version.

6.1. Future work

Our current SNN is catered to fitting linear models only.
Extending to nonlinear models commonly encountered in
computer vision will be useful.

The low capacity and precision of Loihi 2 prevent Neu-
roRF from being competitive against SOTA robust fitting
methods. An interesting future work will be to implement
NeuroRF on a neuromorphic cluster [3] and benchmark
against SOTA methods.

Last but not least, building more advanced applications
based on NeuroRF, such as augmented reality, visual odom-
etry, SLAM and 3D mapping will be of interest.
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