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Abstract

Increasingly large datasets of microscopic images with nanoscale resolution facili-
tate the development of machine learning methods to identify and analyze subtle 
physical phenomena embedded within the images. In this work, microscopic 
images of honeycomb lattice spin-ice samples serve as datasets from which we 
automate the calculation of net magnetic moments and directional orientations 
of spin-ice configurations. I n t he fi rst st age of  ou r wo rkflow, mac hine learning 
models are trained to accurately predict magnetic moments and directions within 
spin-ice structures. Variational Autoencoders (VAEs), an emergent unsupervised 
deep learning technique, are employed to generate high-quality synthetic mag-
netic force microscopy (MFM) images and extract latent feature representations, 
thereby reducing experimental and segmentation errors. The second stage of pro-
posed methodology enables precise identification a nd p rediction o f frustrated 
vertices and nanomagnetic segments, effectively correlating s tructural and func-
tional aspects of microscopic images. This facilitates the design of optimized
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spin-ice configurations with controlled frustration patterns, enabling potential
on-demand synthesis.

Keywords: Variational AutoEncoder, Generative Machine Learning, Artificial
Spin-Ice, Magnetic Force Microscope

1 Introduction
Artificial spin ice (ASI) systems are engineered arrays of nanoscale magnetic elements 
designed to mimic the frustrated spin configurations o f n atural s pin-ice materials 
[1]. These patterned nanomagnet lattices provide a versatile platform for exploring 
fundamental magnetic phenomena that were previously observed only in bulk spin 
systems or theoretical models [2],[3],[4]. In particular, ASI exhibits signatures of mag-
netic frustration, characterized by a large degeneracy of low-energy configurations and 
the emergence of excitations resembling magnetic monopoles, all governed by tunable 
geometric constraints [2],[3]. Studying these effects i n ASI has broadened our under-
standing of frustration and emergent magnetism under controllable settings, bridging 
the gap between theoretical models and real materials. Beyond fundamental physics, 
ASI has promising applications as a platform for new magnetic and spintronic tech-
nologies. By tailoring the geometry and coupling of its nanomagnets, an ASI array 
can function as a reprogrammable magnonic crystal with tunable spin-wave spectra 
for microwave signal processing and quantum information devices [1],[5],[6]. ASI-based 
networks have also been proposed for unconventional computing architectures. For 
example, specific magnetically f rustrated nanomagnet a rrangements c an b e u sed for 
logic gate implementations or neuromorphic computing [7],[8]. Moreover, the ability to 
manipulate ASI’s emergent magnetic monopole defects using external magnetic fields, 
electric currents, or thermal gradients [9],[10],[11] paves the way for in-situ control of 
magnetic charge transport, enabling novel active metamaterials and next-generation 
functional devices.

Magnetic Force Microscopy is a powerful technique for exploring and characteriz-
ing complex magnetization patterns in ASI systems. MFM is a variant of atomic force 
microscopy that uses a magnetized probe tip to scan above the sample surface and 
sense the stray magnetic fields p roduced b y i ndividual n anomagnets. T his method 
provides high-resolution, non-destructive imaging of local magnetic configurations in 
an ASI lattice [12]. The fabrication method of ASI sample used for magnetic phase 
measurement is explained in section S1. Unlike bulk magnetometry methods that mea-
sure only a sample’s aggregate response, MFM directly visualizes the magnetization of 
individual bars and the state of each vertex, enabling real-space analysis of spin inter-
actions at the nanoscale. The technique’s strong sensitivity to nanoscale stray fields 
makes it particularly effective f or c apturing m agnetization r eversal p rocesses, ther-
mally activated excitations, and field-induced phase t ransitions i n ASI s ystems [13]. 
Figure 1 illustrates an MFM measurement on an ASI sample. In Fig. 1a, schematic 
of a variable external B field MFM s etup s hows a  magnetized t ip s canning over the 
patterned nanomagnet array to detect local magnetic forces. Fig. 1b and 1c exemplify
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Fig. 1 Magnetic AFM setup and representative AFM topography and MFM phase 
images of the artificial s pin i ce s ample. ( a) A  s chematic r epresentation o f magnetic-AFM 
illustrating the experimental setup for ASI sample measurement, along with its corresponding (b) 
morphology with the scale bar of 1µm. and (c) magnetic phase image. The red and blue colors in 
the phase image represent the North and South poles of the magnetic bars, respectively.Outlines of 
the ASI elements determined from the AFM topography are depicted by the black lines in both the 
AFM topography and MFM images (b,c) as a guide to the eye.

the two complementary outputs of the measurement: the sample’s surface morphol-
ogy (topographic image) and the corresponding magnetic phase image, respectively. 
In the MFM phase image, each nanobar’s stray field p roduces a  b ipolar contrast 
with red and blue regions indicating the north and south magnetic poles at opposite 
ends of the bar. This contrast explicitly reveals the magnetization direction of every 
element. This direct imaging of nanoscale dipole orientations and polarities enables 
immediate identification of the magnetic state of each nanomagnet in the ASI lattice. 
Continued improvements in MFM instrumentation have further enhanced its ability 
to probe ASI. Modern MFM probes with higher spatial resolution and lower magnetic 
moment coatings minimize tip-induced perturbations while increasing image contrast, 
now resolving magnetic features as small as 10 nm [14]. Additionally, the integration 
of variable in-plane magnetic field sample holders into MFM systems enables the real-
time observation of ASI magnetization dynamics on time-scales longer than that of 
the MFM scanned frame-rate which is typically in the order of several minutes. This 
time resolution is sufficient to  capture slow magnetic field-driven phase transitions in-
situ while performing MFM imaging. These advances have accelerated ASI research
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by allowing in-depth exploration of various topological or frustration-induced config-
urations and by opening the door to spin-logic experiments under realistic conditions 
[7]. As MFM continues to evolve, it remains a critical tool for understanding and 
harnessing the unique properties of ASI systems for future technological applications. 
While MFM provides rich visual data on ASI, analyzing the resulting images to quan-
tify spin configurations can be challenging and labor-intensive. The increasing volume 
of high-resolution microscopy data has motivated the use of machine learning (ML) 
techniques in condensed matter physics [15][16] to automate image analysis and fea-
ture extraction. In the context of ASI, however, traditional image-processing methods 
often rely on heuristic thresholds or manual identification of nanomagnets [17], which 
can introduce errors due to noise, instrumental artifacts, and user bias. This limita-
tion creates a need for robust data-driven approaches capable of reliably extracting 
meaningful physical information, such as each nanomagnet’s moment orientation and 
the energy or “frustration” state of each vertex from MFM images. Such automated 
analysis is particularly important given the highly complex, correlated magnetization 
patterns that ASI exhibits [18], which can be difficult to  interpret wi th conventional 
techniques.

In this work, we address these challenges by integrating MFM imaging with an 
unsupervised deep learning approach for quantitative analysis of spin-ice configura-
tions. We employ a VAE to learn latent feature representations from MFM phase 
images of a honeycomb ASI lattice. This data-driven approach enables automated 
identification o f each nanomagnet’s magnetic moment d irection and the detection of 
frustrated which are high-energy vertex states directly from the images. The VAE 
model effectively c aptures t he h igh-dimensional c orrelations i n t he A SI’s magnetic 
phase patterns while reducing experimental noise and segmentation errors. Further-
more, the learned latent space can be used to generate synthetic MFM images that 
replicate experimental features, offering deeper insight into how frustration manifests 
and can be controlled in these networks. By capturing subtle signatures of emergent 
frustration that might be missed by manual analysis, our framework provides a power-
ful tool for discovering and designing optimized spin-ice states with tailored properties, 
addressing the highly tunable interactions and reprogrammable magnetism of ASI 
systems [19]. Ultimately, by combining machine learning with advanced microscopy, 
this approach provides a scalable and precise platform for characterizing ASI systems, 
leading to on-demand “frustration engineering” in magnetic metamaterials [20] and 
advancing spin-based information processing technologies.

Our overall workflow for image analysis shown in Fig.2 comprises two distinct com-
ponents. The first c omponent o f our f ramework p rocesses r aw MFM data t o extract 
each nanomagnet’s magnetic moment. We begin by segmenting the ASI sample’s 
images to isolate individual nanomagnets as distinct regions. In practice, the high-
contrast AFM morphology image of the sample, such as shown in Fig. 3(a), is first 
converted to grayscale and thresholded to obtain an initial mask of all nanomag-
nets. This mask is then refined using a  Euclidean distance transform and a  watershed 
algorithm, which sharpen boundaries and separate any touching or overlapping nano-
magnets, as described in Methods Section 4.2. The outcome is a segmentation of the 
morphology into uniquely labeled nanomagnet regions referred in Fig. 3(b).
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Fig. 2 Workflow f or VAE generated MFM r econstruction and f rustration optimization 
in the artificial s pin i ce l attice.The s cheme o f t he o verall w orkflow co mprising tw o distinct 
components. First, we apply a segmentation algorithm to partition the MFM image into distinct 
magnetic domains. From the original MFM segments, we train a VAE model to generate synthetic 
MFM segments. In this representation, the direction of each arrow indicates the nano-magnet dipole 
direction, while the arrow length corresponds to the normalized magnetic moment of the dipole. 
The segment position and orientation are retrieved from the original MFM image and reconstructed. 
The second stage of our workflow f ocuses on c lassifying t he vertices o f a  honeycomb l attice spin-ice 
sample into high energy or highly frustrated (±3q) and low energy or less frustrated (±q) vertices. 
Furthermore, our algorithm not only identifies the h igh energy monopoles o f the spin-ice l attice but 
also determines which segments, if toggled, would minimize the overall frustration.

This automated segmentation ensures each bar’s magnetic signal is cleanly iso-
lated with accurate boundaries, providing the foundation for all subsequent analysis.
Next, we map these segmented regions onto the corresponding MFM phase image to
extract the magnetic signal of each nanomagnet. The MFM phase channel in Fig.
3(c), captures the bipolar contrast of each nanobar’s stray field, with a bright lobe
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Fig. 3 Morphology segmentation and mapping onto the MFM phase image to extract 
individual nanomagnet segments.(a) Morphology of the ASI system scanned using MFM (b) 
Uniquely colored segmentation of the morphology capturing the shape and position of each segments.
(c) Gray-scale MFM phase image. (d) Uniquely colored morphological segmentation image overlayed 
on the gray-scale MFM image. (e) Examples of segments from the MFM image segmented based on 
the overlay morphological image representing nano-magnets contributing to the overall layout of the 
artificial spin i ce sample.

at one end and a dark lobe at the other end indicating the north and south mag-
netic poles, respectively. By overlaying the colored segmentation mask on the grayscale
MFM phase image as in Fig. 3(d), we align each nanomagnet’s physical outline with
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its magnetic contrast pattern. Each segmented region now cleanly corresponds to a 
single nanomagnet’s phase signal. From this overlay, individual MFM segments are 
extracted for analysis, as illustrated in Fig. 3(e), which shows examples of 64x64 pixel 
cutouts of one per nanomagnet. These isolated segment images serve as inputs to 
our deep learning pipeline. We record the original position and label of each segment 
via connected-component analysis so that the lattice can be reconstructed after pro-
cessing. This preparation step yields a set of well-defined n anomagnet i mages and 
ensures that the magnetic signal of each nanobar is considered independently during 
subsequent analysis.

For each segmented nanomagnet, we then compute its magnetic moment vector, 
comprising the in-plane orientation and a relative magnitude, directly from the MFM 
phase contrast. We first estimate the long-axis orientation of a  nanomagnet by fitting 
an ellipse to its segmented shape; the ellipse’s major axis provides an initial guess for 
the nanomagnet’s dipole alignment. However, establishing which end of the nanomag-
net corresponds to the north pole, i.e. the direction of the dipole moment, requires more 
than simply comparing the average brightness of the two halves of the MFM segment. 
To robustly determine the polarity, our algorithm goes beyond a mean brightness test 
and employs a radial brightness gradient analysis as discussed in Methods Section 4.2.

In this radial analysis, each nanomagnet segment is virtually split along its major 
axis, the presumed dipole axis, and we scan the MFM phase intensity outward from 
the center toward both ends of the nanomagnet. All segmented nanomagnets from 
the example in Fig. 3(e) are reassembled in their original lattice positions. One par-
ticular nanomagnet, highlighted and enlarged in the right panel of Fig. 4(a), exhibits 
an anomalous bright spot due to a local imaging artifact, which can confound naive 
brightness-based methods. Our algorithm addresses this by examining the gradient of 
the phase signal along radial lines: a proper dipole pattern shows a steadily increas-
ing brightness gradient toward the true north end, the bright pole and a decreasing 
gradient toward the south end, the dark pole. In the highlighted segment of Fig. 4(a), 
the measured brightness gradient along one half of the nanomagnet initially decreases 
which is expected for the south end but then experiences a sudden increase beyond a 
certain point. This abrupt reversal, marked by a jump above a set threshold, signals 
the presence of an artifact or “adversarial” feature in the image. The algorithm auto-
matically flags t he r egion b eyond t his p oint a s unreliable a nd e xcludes t hat portion 
of the segment from the moment calculation. By filtering out such spurious contrast 
deviations, we ensure that only the genuine bipolar contrast of the nanomagnet is used 
to determine its magnetic moment.

The remaining valid contrast profile a fter a rtifact r emoval a llows u s t o precisely 
determine which end of the nanomagnet is the north pole. In the example segment 
of Fig. 4(a), once the aberrant region is ignored, the brightness consistently increases 
toward one end, correctly identifying that end as the magnet’s north pole. Fig. 4(b) 
validates the result: the arrow overlaid on the zoomed segment points toward the true 
north end (bright lobe), neglecting the misleading artifact. Through this radial gra-
dient method, our framework obtains a robust determination of each nanomagnet’s 
dipole orientation despite the presence of minor image artifacts or noise. We assign an 
arrow to each segment pointing from the south to north pole, and scale the arrow’s
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length in proportion to the contrast difference between the two halves of the segment. 
The arrow direction and length thus represent the inferred magnetic moment orien-
tation and a normalized strength for each nanomagnet. At this stage, we have a set 
of segmented nanomagnets, each labeled with an arrow indicating its magnetization 
direction and relative magnitude.

Using this information, we next train a Variational Autoencoder to generate 
refined, synthetic MFM images of the nanomagnets. The VAE is an unsupervised gen-
erative model that learns a latent feature representation of individual nanomagnet 
phase profiles as described in Methods Section 4.2. In our implementation, each 64x64 
pixel nanomagnet segment is fed into an encoder network that compresses it into a 60 
dimensional latent vector, and then a decoder network reconstructs the image from this 
latent code. By training on the ensemble of experimental segments, the VAE learns to 
reconstruct nanomagnets with realistic bipolar patterns while effectively denoising the 
data and correcting spurious irregularities. Once trained, the decoder can produce a 
clean synthetic version of each nanomagnet segment given its original image as input. 
We pass all segmented nanomagnet images through the VAE, obtaining a set of syn-
thetic MFM segments that closely resemble the experimental ones but with improved 
consistency and reduced noise.

Each synthetic segment is then placed back into its original spatial location within 
the lattice using the recorded coordinates from the initial segmentation. We apply 
the same radial brightness-gradient procedure to each synthetic segment to determine 
its dipole orientation, ensuring consistency with the method used on the raw data. 
The result is a reconstructed MFM image of the entire ASI sample, where every 
nanomagnet is now represented by a VAE-generated, denoised phase image and is 
annotated with a confident m agnetic m oment v ector ( arrow d irection a nd length). 
This VAE-driven reconstruction serves two important purposes: (a) it reduces the 
influence of noise or ambiguous contrast in the raw images, and (b) it provides a more 
reliable basis for identifying each nanomagnet’s moment. In essence, the left branch of 
our workflow of Fig. 2, generates an accurate “magnetic moment map” for the lattice, 
derived through a combination of precise image segmentation and generative modeling.

With a reliable map of each nanomagnet’s moment, the second stage of our pipeline 
focuses on analyzing and optimizing magnetic frustration in the lattice shown in Fig. 
2, right column. Using the set of arrow-labeled nanomagnets from the first s tage, we 
systematically identify all vertex interaction sites in the honeycomb ASI geometry 
described in Methods Section 4.2. Each vertex is the junction where three neighboring 
nanomagnets meet. To find t hese, we c ompute t he c entroids o f a ll s egmented nano-
magnets and search for triplets of centroids that fall within a predefined d istance of 
one another (on the order of the lattice spacing). Every such triplet is registered as 
a vertex, with the vertex location defined a t t he a verage o f t he t hree s egment cen-
troids. Once the vertices are identified, we determine the magnetic “charge” or energy 
state of each vertex by examining the orientations of its three constituent moments. 
In a trivalent spin-ice lattice, a vertex is frustrated or high energy if all three nano-
magnet moments point either inward toward the vertex or outward away from it, a 
“3-in” or “3-out” configuration. This corresponds to a  net magnetic charge of ±3q at 
the vertex, essentially a monopole-like excitation. Conversely, a satisfied or low energy
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Fig. 4 Reconstruction of segmented nanomagnets and identification o f a rtifacts dur-
ing magnetic moment determination.(a) The segmented nano-magnets from Figure 3(e) are 
reconstructed with position of each segment retrieved from the labeled segment data of the mor-
phology of spin-ice sample. The right side is a zoomed in nano-magnet with artifact, classified as an 
adversary attack on the expected dipole image. An expected dipole nano-magnet image should have 
a bright(North) and a dark end (South). The segment is subdivided into two halves, each half is 
radially scanned calculating brightness gradient. The gradient decreases along the South end of the 
nano-magnet while increases along the North end. Reaching the artifact radial area, the decreasing 
brightness gradient experiences sudden increase (> threshold contrast) and classifies t he r est o f the 
segment as an adversary. The erroneous part is not included in calculating the magnetic moment cal-
culation. (b) Validating the calculation process, the arrow of the zoomed in segment points towards 
the North neglecting the adversary.

vertex has two moments pointing in and one out, or two out and one in, a “2-in/1-
out” or “2-out/1-in” configuration, r esulting a  n et c harge o f ± q. We c lassify each 
identified vertex by c omparing t he d irections o f i ts three a rrows, thus mapping i t to 
either a high energy monopole (±3q) state or a low energy dipole (±q) state. In this 
way, the framework automatically produces a frustration map of the entire lattice: all 
high energy vertices are flagged as s ites o f emergent monopoles, whereas ±q vertices 
indicate locally satisfied s pin-ice o rdering. V isualization o f t his c lassification on  two 
experimental dataset is shown in Figure 5(a and b).

Beyond detecting frustration, our approach also optimizes the spin configuration 
by suggesting targeted moment reversals to alleviate high-energy states. In the final 
stage of the workflow, the a lgorithm identifies which sp ecific nanomagnet flips would 
convert frustrated vertices into lower-energy configurations. For each nanomagnet that 
participates in one or more ±3q (monopole) vertices, we virtually “toggle” its mag-
netic moment i.e., flip i ts a rrow d irection and t hen r ecompute t he vertex charges in 
its neighborhood. If a particular flip e liminates one o r more 3 -in/3-out vertices thus 
reducing the total count of frustrated vertices without introducing new frustration 
elsewhere, that flip is marked as beneficial and is provisionally adopted. We iterate this
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procedure, testing different c andidate fl ips in  se quence wh ile ke eping any previously 
accepted flips fixed. This greedy optimization strategy prioritizes flips that relieve mul-
tiple frustration points simultaneously and avoids undoing earlier improvements. After 
systematically exploring the candidates, the end result is an adjusted ASI configura-
tion with a minimized number of high-energy vertices. In Figure 2 (right column), this 
process is depicted by highlighting the nanomagnets selected for flipping a nd show-
ing the consequent disappearance of monopole defects in the frustration map. The 
entire frustration optimization routine thus provides a data-driven means not only to 
diagnose where frustration is present, but also to prescribe how the sample’s magneti-
zation should be reconfigured to achieve a  lower-energy state. By combining the VAE 
informed moment identification w ith a n i terative f rustration m inimization strategy, 
our framework offers a  b lueprint f or “ frustration engineering” by actively tuning the 
magnetic state of the ASI lattice to control and reduce or even deliberately increase 
magnetic frustration in a systematic way. This two-part machine learning approach 
enables precise, high-throughput analysis of spin-ice microstates and provides guid-
ance for experimentally realizing more stable or selectively frustrated artificial spin 
ice configurations.

2 Results

2.1 Variational Autoencoder Reconstruction

To this end we have shown that the Variational Autoencoder model can accurately 
identify the magnetic moments of individual nanomagnet segments in the artificial 
spin ice lattice. By harnessing its ability to extract high-dimensional latent features 
and reconstruct the Magnetic Force Microscopy images, the VAE enables precise 
determination of dipole orientations. This, in turn, allows for a systematic frustra-
tion analysis of the ASI system, classifying high-energy and low-energy vertex states 
based on their magnetic configurations. The VAE model is trained on segmented nano-
magnet structures extracted from MFM images, learning a compressed latent space 
representation of these structures. Once trained, the VAE reconstructs synthetic MFM 
images, preserving essential magnetic features while mitigating noise and experimental 
artifacts.

Fig. 5(a) displays MFM images recorded under an external magnetic field o f 90 
mT, applied from right to left. The applied field enforces a  preferential a lignment of 
nanomagnet moments, influencing t he i nitial s pin-ice c onfiguration. The se cond row 
in Fig. 5(b) shows the relaxed ASI lattice, 15 mins after applying magnetic field of 
-25mT, where negative sign corresponds to the opposite direction of initial magnetic 
field c ondition, f or r elaxation p eriod. D uring t his t ime, s pontaneous m oment flips 
occur, allowing the system to transition toward a lower-energy state. In both cases, 
the second column presents the segmented nanomagnets obtained from the morphol-
ogy image, where each segment is labeled, and arrows indicate their magnetic dipole 
moment directions. The third column in Fig. 5 presents the VAE-generated synthetic 
MFM images, where individual nanomagnets are reconstructed and assigned dipole 
orientations based on the trained model. The latent space representation learned by 
the VAE allows for smooth reconstructions that are robust to noise and minor artifacts,
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Fig. 5 Progression from experimental MFM images to VAE assisted moment maps, ver-
tex classification, and f rustration minimization by s elected flips. The first row  (a)  presents 
MFM images recorded under an external magnetic field o f 9 0 mT, a pplied f rom r ight t o l eft. The 
second row (b) corresponds to the relaxed state of the ASI lattice after relaxation of 15 mins, allow-
ing spontaneous flipping o f n anomagnet m oments d ue t o t hermal a ctivation. T he s econd column 
displays the reconstructed MFM images,pertaining to the corresponding morphology image, where 
individual nanomagnets are segmented and labeled, with arrows indicating the dipole moment direc-
tion. The third column shows the synthetic nanomagnet reconstructions generated training VAE 
model. The dipole moment directions are calculated following the method outlined in Section 4.2. 
The highlighted segments in the original MFM images compared with the synthetic segments, reveals 
discrepancies in the top row, where miscalculations occur in moment direction, while the dipoles in 
the relaxed bottom row remain inconclusive. The vertices of the honeycomb lattice are classified into 
high-energy monopoles and low-energy dipoles: Frustrated monopoles are further categorized into
+3q (red squares) and -3q (magenta squares). Lower-energy dipoles are classified as +q (green stars) 
and -q (yellow stars). The nanomagnet segments contributing to high-energy monopoles are identi-
fied, and the frustration of the ASI lattice is iteratively evaluated. Finally, nanomagnets to be toggled 
for frustration minimization are detected to optimize the ASI configuration in (c) using greedy opti-
mization algorithm described in Section 2.2 .

serving as a method to determine magnetic moment directions with higher accuracy.
Fig. 5(a) emphasizes discrepancies between the original and VAE-generated images.
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The model identifies cases where moment direction assignments are incorrect in the
experimental MFM images when using direct image segmentation, highlighting the
advantage of learned representations. After relaxation of the ASI lattice, dipole orien-
tations remain ambiguous in certain regions. The VAE enables a systematic approach
to analyzing these fluctuations by reconstructing the most probable moment config-
urations given the observed data. Thus the VAE generated ASI system accomplishes
two key purposes: first, it addresses the uncertain magnetic configurations present in
the original MFM images, and second, it identifies inconclusive dipole moments within
the microscopic data. The algorithm identifies inconclusive dipole moments of the
microscopic images. As a consequential advantage, the synthetic MFM images aids in
a more precise classification of lattice vertices.

2.2 Greedy Optimization of Frustration of Spin Ice Lattice

The process of frustration minimization involves identifying and selectively toggling
the magnetization direction of nanomagnets in the ASI lattice to achieve a lower-
energy state while maintaining the overall structure of the spin ice. This is a two
stage methodology consisting of determining magnetic moments of the segments to
be toggled (flipped from 0 to 1 or vice versa) and evaluating the impact of toggling
on the overall frustration state.

Algorithm:
The objective of the algorithm is that given (i) a set of vertices with their associated
nanomagnet segments and (ii) an experimentally inferred dipole “Direction” for each
segment, we seek a minimal set of segment toggles i.e., magnetic moment direction
flips, that reduces the total number of frustrated vertices as determined by the vertex
classification rule described in Section 4.2.

Inputs

• Vertices: Table containing each vertex ID and its associated segments which is three
segments per vertex for honeycomb lattice, and vertex coordinates (x,y).

• Magnetic Moments: Table containing each segment ID and its inferred dipole
Direction and other metadata.

• Synthetic Segment Positions: Table containing VAE generated segment centroids
(x,y).

• Segment to Vertex Mapping: Dictionary mapping each segment to the one or two
vertices that share it.

• Classify detailed Frustration(v, segments): Function that returns the frustration
state of vertex v using the current segment directions and the geometric rule
including the “horizontal” segment identification from segment orientation.

Outputs

• Updated Magnetic moments table with a boolean flag Toggle indicating whether a
segment direction was flipped.

• Toggle Tracker: Audit table listing each accepted toggle listing vertex ID, segment
ID, role, original and new binary directions.
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Step 0: Preprocessing.

1. Load the vertex table, the segment dipole-direction table, and the segment centroid
position table.

2. Normalize segment identifiers by extracting numerical segment IDs from filenames
where necessary.

3. Construct the following mappings:

• segment directions : Segment → Direction, storing the current dipole
direction of each segment.

• segment positions : Segment→ (x, y), storing the centroid coordinates of each
segment.

• segment to vertex mapping : Segment → [Vertex IDs], obtained by iterating
over the associated segments of each vertex.

4. Initialize a boolean flag Toggle = False for all segments.

Step 1: Identification of frustrated vertices.

1. Load the initial vertex frustration analysis table, or compute it by evaluating the
vertex classification function for all vertices.

2. Define the set of initially frustrated vertices as

F0 = {v | Frustration Status(v) = “Frustrated”} . (1)

3. Let the initial global frustration count be

N0 = |F0| . (2)

Step 2: Greedy frustration minimization (local search).

For each vertex v ∈ F0, perform the following steps:

1. Determine candidate segments for toggling.

• Extract the three associated segments of vertex v:

Sv = {s1, s2, s3}. (3)

• Identify the horizontal segment sh by fitting an ellipse to each segment mask and
selecting the segment whose orientation angle lies within a fixed tolerance of 0◦

or 90◦.
• Label the remaining two segments as angled segments sa1 and sa2.

2. Attempt single-segment toggles and evaluate global improvement. Con-
sider toggling the segments in the fixed order

[sh, sa1, sa2]. (4)

For each candidate segment s (with role ∈ {Horizontal, Angled1, Angled2}):



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

(a) Store the current dipole direction

d = Direction(s). (5)

(b) Apply a tentative toggle
d′ = 1− d, (6)

and update both the segment-direction table and the global direction mapping.
(c) Recompute the global frustration count by evaluating the frustration

classifier for all vertices:

N ′ =
∑
u∈V

1 {classify detailed frustration(u) contains “Frustrated”} . (7)

(d) Accept or reject the toggle.
• If N ′ < N0, accept the toggle:
– Set Toggle = True for segment s.
– Append a record to the toggle-tracking table containing the vertex ID,
segment ID, segment role, original direction d, and new direction d′.

– Update the global frustration count N0 ← N ′.
– Stop further testing for vertex v and proceed to the next vertex.

• Otherwise, reject the toggle and revert the dipole direction d′ → d in both the
table and the global mapping.

The procedure terminates once all vertices in the initially frustrated set F0 have 
been processed.

2.3 Selecting Candidate Segments for Toggling
The selection process prioritizes the segment that has the highest influence on multiple 
frustrated vertices. Each segment is classified as e ither horizontal or angled based on 
its orientation in the lattice. Horizontal segments (aligned with 0◦ or 90◦) are treated 
as reference points for toggling decisions. Segments associated with the highest number 
of frustrated vertices are given priority for toggling. If a single segment contributes 
to frustration in two or more vertices, toggling it may result in a greater reduction 
in overall frustration. The spatial arrangement of segments is another criteria of the 
selection process where the each segment is analyzed to ensure that toggling one 
segment does not introduce new frustration states elsewhere in the lattice. For each 
frustrated vertex, the selected segment’s magnetic moment is toggled, based on the 
binary classification of magnetic moments as explained in Methods section 4.2 and the 
frustration classification of all affected vertices is re-evaluated. If toggling the segment 
results in a net decrease in frustration across the lattice, the change is accepted; 
otherwise, the segment’s original state is restored.

In the toggling process, the first s tep i s t he e xtraction o f o riginal magnetic 
moment direction of the segment and temporarily toggling the segment’s direction. 
Then we recalculate the frustration classification for all affected vertices and compare 
the new frustration count with the previous count. If the frustration count decreases, 
the new magnetic moment direction is retained; otherwise, the segment is reverted to
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its original orientation. All toggled segments are stored in a tracking table to ensure 
that subsequent toggles do not interfere with previously optimized regions.

2.4 Evaluating the Effectiveness o f Toggling
The effectiveness o f t he t oggling s trategy i s measured by c omparing t he frustration 
count before and after the optimization process. The final o ptimized ASI configura-
tion is saved, along with a record of which segments were toggled. The final frustration 
map is visualized by classifying vertices into their respective frustration categories. 
The segments to be toggled are marked with blue squares in Fig. 5(c) that reduces the 
overall frustration, generating a low energy state ASI system. By iteratively adjusting 
the nanomagnet orientations, the VAE-generated ASI lattice is refined i nto a  more 
stable configuration, m inimizing t he o verall f rustration i n t he s ystem. T his allows 
precise control over frustration states in artificial s pin i ce s ystems, p roviding a  tem-
plate for generating on-demand spin ice sample with the ability to reduce energy or if 
required, introduce high energy vertices at specific locations. The frustration minimiza-
tion procedure implemented here is intentionally designed as a greedy, image-driven 
optimization algorithm that operates directly on experimentally inferred magnetic 
configurations rather than on simulated or thermally equilibrated spin states. At each 
step, only single-segment toggles are considered, and a toggle is accepted exclusively 
when it produces a global reduction in the number of frustrated vertices, ensuring 
that improvements are assessed at the lattice level rather than locally at an indi-
vidual vertex. This conservative strategy preserves interpretability and allows each 
accepted toggle to be directly associated with a specific r eduction i n frustration. 
While the greedy nature of the algorithm does not guarantee convergence to a glob-
ally optimal minimum-frustration state, it provides a deterministic, transparent, and 
experimentally actionable framework well suited for post-characterization analysis of 
MFM images as illustrated in Fig. 5(c)

3 Discussion

The integration of VAEs with MFM imaging has enabled a novel and robust approach 
for analyzing frustration in artificial s pin i ce s ystems. Traditional methodologies for 
determining magnetic moment orientations and frustration states often face limitations 
due to experimental noise, segmentation inaccuracies, and uncertainties in moment 
determination. The VAE-based generative model addresses these challenges by pro-
viding a data-driven framework capable of reconstructing high-fidelity synthetic MFM 
images, thereby allowing for a more precise identification o f f rustration vertices and 
their associated nanomagnetic configurations.

The primary advantage of employing VAEs lies in their ability to extract latent 
feature representations from experimental MFM data, effectively mitigating segmenta-
tion errors and compensating for inconsistencies in the direct image-based calculations. 
By training on segmented MFM images, the VAE learns to encode essential spa-
tial and magnetic features, facilitating improved prediction of moment orientations
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even in cases where the original data is ambiguous or partially corrupted. The recon-
structed synthetic images retain critical structural and magnetic information while 
reducing noise-induced distortions, allowing for a systematic and automated approach 
to frustration classification. T he c apability o f VAEs t o g eneralize f rom l earned fea-
tures corrects magnetic moment miscalculations present in raw experimental images, 
as observed in the comparison between original and synthetic reconstructions. This 
approach is particularly useful in identifying high-energy monopole configurations 
(±3q) and lower-energy dipole states (±q), enabling deeper understanding of frustra-
tion dynamics within the ASI lattice. Furthermore, the automated classification of 
frustration states assists in the optimization of ASI configurations t hrough targeted 
toggling of nanomagnet orientations. By iteratively evaluating the impact of flipping 
specific n anomagnets, t he f ramework e fficiently ide ntifies an o pti mal set of toggled 
segments that minimizes overall lattice frustration. This process provides a blueprint 
for designing spin-ice configurations w ith t ailored f rustration p roperties, o ffering a 
pathway toward controlled magnetic metamaterials with tunable energy states.

In this work, we have demonstrated that deep learning-based generative models 
can significantly improve t he a ccuracy and r obustness o f f rustration c lassification in 
ASI systems. The ability to synthesize high-quality MFM images, correct for seg-
mentation errors, and systematically classify magnetic moment orientations highlights 
the power of machine learning in advancing experimental condensed matter physics. 
The automated frustration analysis and optimization framework presented here lay 
the groundwork for next-generation artificial s pin i ce d esigns w ith p recise control 
over magnetic configurations, contributing to the broader field of engineered magnetic 
materials. The findings of this study have broad implications for the design and con-
trol of ASI-based systems in various applications, including reconfigurable magnonics, 
spintronics, and quantum information processing. The ability to systematically predict 
and minimize frustration through deep learning approaches enables the development 
of programmable ASI structures with precise energy landscapes.

The present approach also has limitations that should be noted explicitly. Magnetic 
Force Microscopy is a scanning probe technique and its time resolution is limited by the 
scan time, typically several minutes, so it images steady state conditions and can only 
track slow field driven evolution rather than fast non equilibrium dynamics. The VAE 
does not generate new spatial information beyond that contained in the experimental 
data, so the synthetic outputs should not be interpreted as true super resolution, even 
if they appear smoother due to noise and artifact suppression. Because direct ground 
truth for individual nanomagnet moments is not experimentally accessible in these sys-
tems, the VAE reconstructions and inferred dipole assignments are validated through 
expert guided visual inspection, internal consistency checks, quantitative image fidelity 
metrics such as MSE and SSIM as shown in Fig. S2, and comparison between direct 
segmentation based and VAE assisted assignments, so the method provides proba-
bilistic refinement rather than definitive ground truth recovery. A direct quantitative 
benchmark against linear dimensionality reduction approaches such as PCA is not 
included here and is left for future work. Our future work will also explore expanding 
the VAE framework to incorporate multi-scale analysis, allowing for frustration predic-
tions in larger and more complex ASI lattices. Additionally, integrating reinforcement
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learning techniques with the existing toggling strategy could further enhance the 
efficiency of  fr ustration mi nimization by  op timizing fli pping seq uences dynamically. 
Experimental validation of the proposed synthetic reconstructions through direct mag-
netic imaging and comparison with theoretical models may provide further insights 
into the reliability and accuracy of the machine learning approach.

4 Methods

4.1 Magnetic Force Microscopy Measurements

Nanoscale topography and MFM phase shift images were collected using an Atomic 
Force Microscope system (DriveAFM, Nanosurf AG). Measurements were performed 
using ‘lift mode’ to record phase contrast variations associated with the magnetic 
phase of the ASI sample surface. First, a measurement of the topography of the 
sample surface was performed using tapping-mode feedback of the AFM probe via 
a line trace and retrace scan. Next, to reduce the effect o f magnetic p hase artifacts 
associated with the sample topography, the probe is then separated by a controlled 
distance from the surface (∼70 nm), and a subsequent, elevated, trace, and retrace line 
scan is performed while recording the phase shift of the oscillating AFM probe. The 
external, in-plane magnetic field was produced using a  variable magnetic field sample 
holder (VMFSH, NanoSurf) with a base that contains the permanent magnets and 
an integrated calibrated Hall sensor. Magnetic atomic force microscopy probes were 
used (Co/Cr coated Bruker MESP-LM-V2) with a spring constant of 2.2 N/m, and 
resonance frequency of ∼65 kHz. These probes were magnetized in an out-of-plane 
direction using a permanent magnet prior to measurements.

All MFM images analyzed in this work were acquired with a well-defined in-plane 
magnetic field applied parallel to the image plane and oriented from right to left with 
respect to the displayed image frame. This orientation is used consistently throughout 
the manuscript. For the dataset shown in Fig. 5(a), the ASI sample was imaged under 
an applied in-plane field of 90 mT directed f rom r ight to l eft. For the relaxed config-
uration shown in Fig. 5(b), the applied field was s ubsequently r eversed t o − 25 mT, 
corresponding to the opposite field polarity a long the same r ight-to-left axis and the 
system was allowed to relax for 15 minutes prior to imaging. To avoid ambiguity, the 
image orientation is fixed across all figures and the applied field direction is explicitly 
indicated where relevant.

4.2 Automating Net Magnetization Calculation

To automate the calculation and analysis of net magnetization in ASI systems, we 
initiate an image processing pipeline that extracts and uniquely labels individual nano-
magnetic segments from the MFM morphology image. The accurate segmentation 
forms the foundation for computing net magnetic moments in subsequent stages of 
the workflow.

Segmentation of Nanomagnets
The input morphology image (Fig. 3(a)) is first converted to grayscale, followed by 

the application of a binary thresholding mask to distinguish magnetic regions from the
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background. This step ensures that only relevant segments are considered. Euclidean
distance transform refines the segmentation by enhancing the separation between fore-
ground structures and suppressing noise, thereby improving segmentation accuracy.
It converts the binary mask into a grayscale map, where brighter intensities represent
regions farther from the boundary keeping only high-intensity regions, ensuring robust
object detection.

To identify individual nanomagnetic segments, Connected Components Analy-
sis (CCA) from the OpenCV2 computer vision library [21] is employed. This step
assigns unique labels to distinct magnetic structures. However, in cases where segments
are closely packed, CCA alone may not effectively separate overlapping structures.
To address this, the Watershed Segmentation Algorithm [22] is applied to refine
boundaries further. The watershed algorithm uses gradient information to distinguish
touching objects by identifying high-gradient regions as boundaries, ensuring each
nanomagnet is distinctly labeled and effectively separated.

Following segmentation, contours are extracted for each labeled segment using
OpenCV’s ”findContours()” function which identifies the outer boundary of each
detected region by tracing along intensity changes in the binary mask, where each seg-
mented nanomagnet has a unique label. OpenCV’s ”cv2.findContours()” is applied to
this mask with external retrieval mode (”cv2.RETR EXTERNAL”) to detect only the
outermost contour, ignoring any nested inner contours. The simplified chain approxi-
mation reduces redundant points and store only the essential boundary points of each
segment.

Only segments with an area exceeding a predefined threshold are retained to filter
out small, incomplete, or boundary-clipped structures. These selected segments are
then assigned unique colors using an HSV colormap, enhancing visual differentiation.
The center coordinates of each segment are determined using the mean position of the
contour points, and each segment is numerically labeled for reference and tracking.
Finally, the segmentation map is compared with the original morphology image to
validate the accuracy of the detected structures.

The individual segments are reassembled for full segmentation visualization, which
ensures that the extracted segments are correctly placed within the original morphol-
ogy image. The individual segmented nanomagnets, stored as separate image files, are
sorted and iteratively placed back into the original layout. To correctly reposition each
segment, the corresponding label position is retrieved from the segmentation mask
mapping segments to their original positions.

The MFM image with magnetic contrast data, is segmented similarly using the
reconstructed segmentation map, such that each nanomagnetic region is extracted
with accurate boundaries. This method aligns the spatial regions in the MFM image
with the segmented morphology image, allowing further analysis of magnetic prop-
erties at the nanoscale and we validate the segmentation process by comparing the
extracted segment count with the number of unique labels. This step ensures that
the MFM image is segmented accurately, preserving the spatial and morphological
characteristics of each nanomagnet for further magnetic analysis.

Magnetic Moment Calculation
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Next we calculate the magnetic moment direction and strength of each nanomagnet
from the segmented MFM image which involves segment extraction, brightness-based
dipole determination, and arrow visualization to indicate the moment direction. The
segment image is converted to grayscale, and binary thresholding is applied to create
a mask that separates the magnetic structure from the background. Thresholding
isolates the nanomagnet segment by setting pixel intensities above a defined threshold
to white (255) and others to black (0). The contours of the binary mask are extracted
to identify the outer boundary of the nanomagnet. The bounding box of the segment
is calculated using contour fitting, providing the position (x, y), width, and height and
the diagonal length of the bounding box is computed to determine the appropriate
arrow size. The orientation of each segment is estimated by fitting an ellipse to the
extracted contour. The major axis of the ellipse represents the longest dimension of the
nanomagnet, which is used as the magnetization direction. The orientation angle of the
ellipse is extracted and rotated by 90◦ to align with the expected moment direction.

To establish the direction of the magnetic moment, our algorithm analyzes bright-
ness variations across the nanomagnet. The segment is split into two halves along the
major axis of the ellipse and brightness values from both halves are extracted, and
sudden intensity changes are identified using gradient analysis. The radial gradient of
brightness are calculated starting from the separation line of towards the edge of the
contour. If there is a sudden intensity change along the major axis of the ellipse, we
identify it as the artifact of the dipole as shown in the zoomed in segment image in
Fig. 4, considering that each segment is expected to have a brightness gradient from
bright to dark, inferring bright side as the head of the dipole. Filtered brightness val-
ues are computed to reduce noise effects and capture a more reliable contrast between
the two sides. The side with higher brightness is inferred to be the head of the dipole,
as MFM contrast reflects magnetization variations. If I(x, y) be the grayscale intensity
at pixel (x,y). The brightness of each half is computed as:

Bside1 =
1

N1

∑
(x,y)ϵside1

I(x, y) (8)

Bside2 =
1

N2

∑
(x,y)ϵside2

I(x, y) (9)

where: Bside1 and Bside2 are the mean brightness values of the two halves, N1 and
N2 are the number of pixels in each half.

The brightness difference between the two halves is normalized to scale the arrow
length, so that it varies proportionally with the MFM contrast. The arrow length is
constrained within a defined range to maintain visual clarity and the direction of the
arrow is determined based on the brighter half, with the arrowhead pointing towards
it.

The contrast strength (Cs), which defines magnetization strength, is given by:

Cs = |Bside1 −Bside2 | (10)

Since pixel intensities in grayscale images range from 0 to 255, the contrast is normal-
ized: Cs

norm = Cs

255 so that Cs
norm ranges from [0,1]. With normalizing, the contrast
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strength is scaled relative to the maximum brightness range. The arrow length is then
linearly scaled between the predefined minimum and maximum arrow lengths such
that:

Larrow = Lmin + Cs
norm.(Lmax − Lmin) (11)

The Lmax and Lmin are chosen to be 90% and 55% respectively of the diagonal length
of the identified contour(Ldiag) where Ldiag =

√
w2 + h2. The final arrow direction is

determined by identifying which half of the segment is brighter:

θarrow =

{
θmajor + 90, if Bside1 > Bside2

θmajor + 270, otherwise
(12)

The θmajor determines the major axis of the fitted ellipse and if Side1 is brighter
the arrow points along the major axis, otherwise, the arrow is rotated by 180◦ to
indicate reversal.

This magnetic moment and strength is iterated over all the segmented nanomagnet
from the MFM image and then reassembled following the morphology image. The net
magnetic moment, Mnet, of the ASI sample is calculated as the sum of arrow lengths,
where the arrow length represents the relative strength of the magnetic moment for
each segment.

Mnet =

N∑
i=1

Larrow,i (13)

here Larrow is the arrow length corresponding to the magnetic moment strength of
the i-th segment and N is the total number of segments.

To generalize the scaling of the net magnetic moment from arbitrary units (a.u.)
to physical units(mT) use the unit used in experiment, we define a scaling transfor-
mation that maps the computed image-based net magnetization to the experimentally
measured range. From the experimental section, we define the real magnetic moment
range: RealRange = Mmax −Mmin. From image processing algorithm, we define the
arbitrary range: ArbitraryRange = Lmax − Lmin Thus the scaling factor is computed
as:

S =
RealRange

ArbitraryRange
(14)

Mreal =

(
Mmax −Mmin

Lmax − Lmin

)
·Mimage (15)

Mreal = S ·Mimage, (16)

where Mreal is the real net magnetic moment and Mimage is the net magnetic 
moment computed from image processing (in arbitrary units, a.u.).

Variational Auto Encoder Architecture
We implemented VAE model to learn and generate synthetic MFM images from an 

input dataset of segmented nanomagnets. The workflow f ollows t he s chematic archi-
tecture provided in the Fig.6, representing a structured representation of encoder, 
latent space, and decoder operations.



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

Fig. 6 Variational autoencoder architecture used to generate synthetic MFM segments 
from the training images. Synthetic MFM segments are generated using VAE architecture. It 
consists of the following steps: The training image of dimension (H=64 x W=64 x RGB-Channel=3) 
is flattened i nto a  vector o f s ize 1 2288 f or p rocessing. The e ncoder part o f t he a rchitecture consists 
of a fully connected layer with input size of 12288, flattened i mage a nd R eLU a ctivation function 
outputs a compressed representation of 400 while retaining the relevant information. The encoder 
then splits into two separate layers to model the latent space. The mean(µ) of the latent Gaussian 
distribution represents the central tendency of the latent space for each given input. It determines the 
”position” of the latent vector in the latent space of dimension 60 and the Latent log layer produces 
the log variance (logσ2) of the latent Gaussian distribution. The latent vector ”z” is sampled from the 
Gaussian distribution defined by µ and σ  : z = µ+σ.ϵ, where ϵ ∼ N(0, 1), is the random noise sampled 
from standard normal distribution. The first fully connected dense decoder layer begins to expand the 
compressed latent vector back into a higher-dimensional representation with ReLU activation function 
capturing the non-linear transformations.The Sigmoid activation of the 2nd fully connected dense 
layer of the decoder ensures the output is normalized matching the input image’s pixel intensity range. 
BCE loss function measures the reconstruction loss and KL divergence regularizes the latent space 
by encouraging the learned distribution q(z|x) to be close to the prior distribution p(z) ∼ N(0, 1).

The original dataset is initialized using a CSV file c ontaining s egment metadata
and each image is retrieved using an index-based file n aming s cheme. The segment
image is converted from BGR to RGB format for compatibility with the PyTorch [23]
module tensors. The grayscale thresholding is applied to extract relevant nanomagnetic
features, normalized by scaling pixel values [0,1] and reshaped to (C, H, W) tensor
format. The dataset is split into training (80%) and validation (20%) subsets to prevent
the overfitting a nd c ustom c ollate f unction fi lters ou t co rrupted or  mi ssing images.
The VAE follows a structured encoder-bottleneck-decoder approach:
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Encoder: This section of the model compresses the input image into a lower-
dimensional latent representation. The input image is flattened from (64,64,3) to
a 1D vector of size 12,288. A fully connected layer reduces the feature dimension
to 400 and the activation function ReLU introduces the non-linearity. Two sepa-
rate fully connected (FC) layers compute the latent mean vector (µ), representing
the central position of each data point in latent space, and the log variance vector
(log σ2), indicating how much the data spreads around this position. To address the
non-differentiability of directly sampling from the distribution defined by µ and σ2,
which would prevent gradient backpropagation and model training, the model employs
the reparameterization trick, sampling from a standard Gaussian distribution and
then scaling and shifting this sample using the learned µ and σ. The randomness is
introduced only from ϵ, which is independent of the model parameters. The backprop-
agation gradients flow through µ and σ, allowing the network to learn both the mean
and variance effectively:

z = µ+ σ · ϵ, (17)

where ϵ follows a standard normal distribution N(0,1). This step establishes stochastic-
ity in image generation, allowing continuous latent space sampling. This probabilistic
space allows the model to learn meaningful and continuous representations of the
input (e.g., shape, color, or orientation of an object). Unlike standard autoencoders,
which encode input into a deterministic latent vector, VAEs treat the latent space as a
probability distribution which assures that the latent space is smooth and continuous,
allowing for interpolation and generation of new data points. The latent dimension,
chosen as 60, describes the size of each latent vector z, the compressed representa-
tion of each sample. The latent space features are learned representations that encode
important attributes of the input data. Each dimension in z captures different aspects
of the input, such as: global features like shape, orientation, size, or brightness of an
image and local features like texture, edges, or specific patterns. In an image dataset,
some latent dimensions might encode properties like image brightness in z1, orien-
tation of objects in z2 or texture details in z3. However, the exact meaning of each
dimension is not explicitly defined but is learned implicitly during training.

Decoder: The latent representation, z (dim = 60)is passed through a fully con-
nected ReLU layer to map it back to 400 dimensions and another fully connected layer
expands it back to 12,288 dimensions. A sigmoid activation function ensures that the
pixel values are bounded between 0 and 1, so that the reconstructed output can be
reshaped back into the original image dimensions (64,64,3). The loss function of the
VAE model consists of two key components:
(a) Reconstruction Loss (Binary Cross-Entropy - BCE): The reconstruction loss mea-
sures how accurately the decoder can reconstruct the original input images from the
latent representation. Specifically, the binary cross-entropy (BCE) loss quantifies the
difference between the input image and the reconstructed image on a pixel-by-pixel
basis. BCE loss is defined as:

Lrecon =
∑

[xi log(x̂i) + (1− xi) log(1− x̂i)] (18)
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where, xi is the original input image’s pixel value at position i, normalized between
0 and 1, and x̂i is the reconstructed image’s pixel value at the corresponding position i,
also normalized between 0 and 1. This equation computes the pixel-wise reconstruction
loss, summing over all pixels in the image. Minimizing this loss term encourages the
decoder to generate output images closely matching the input images.

(b) KL Divergence (KLD) Loss: The KL Divergence loss acts as a regularization
term, enforcing the latent space distribution to approximate a standard Gaussian dis-
tribution (N (0, 1)). By doing so, it prevents the model from overfitting and encourages
the latent space to have desirable properties, such as continuity and smoothness. The
KL divergence loss is computed as:

LKL = −1

2

∑
j

(
1 + log σ2

j − µ2
j − σ2

j

)
(19)

where µj is the mean of the latent Gaussian distribution for the latent dimension
j and σj

2 is the variance of the latent Gaussian distribution for the latent dimension
j. The log σ2

j is computed directly by the model, and this equation ensures that the
learned latent distributions do not deviate significantly from a normal distribution,
thus regularizing the learned latent representations.

The total loss function for the VAE combines both reconstruction and regulariza-
tion losses as follows:

Ltotal = Lrecon + β · LKL (20)

where the hyperparameter β controls the relative importance or balance between
reconstruction accuracy and latent space regularization. Adjusting β allows for fine-
tuning of the latent representation and reconstruction quality according to specific
application needs.

The VAE model is trained using PyTorch’s Adam optimizer [24], with learning
rate of 0.005, batch size of 64 for 100 epochs. During each epoch the images are loaded
and flattened. The VAE forward pass computes latent distribution (µ,σ), sampled
latent vector z, the reconstructed image. The loss function is then calculated and
backpropagated while the optimizer updates model weights to improve reconstruction
quality. The VAE training converges rapidly, and extending training beyond ∼40
epochs does not materially change the reconstructed dipole orientations or vertex
frustration classification. The training and validation loss evolution is shown in Fig.
S1. After training the test MFM images are passed through the VAE to generate
synthetic reconstructed images. The pipeline for synthetic image reconstruction can
be summarized as follows: original test images are encoded into the latent space, and
then the decoder generates synthetic reconstructions. The reconstructed images are
saved and compared with the original samples. For validating the synthetic image
quality, we compare original with generated images visually as well as evaluate pixel-
wise mean squared error (MSE), SSIM and absolute pixel difference between original
and synthetic samples as described in the S3, to verify that the latent space retains
key magnetic features.

Frustration Analysis



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

The generated MFM image of honeycomb ASI is then processed for classifying
frustrations and also identifying nanomagnets whose directions are needed to be
toggled to minimize frustrations. The frustration classification has 3 stages:
(a) Identification of segment centroid
(b) Honeycomb vertices identification
(c) Classification of the vertices

Identification of Segment Centroid:For each synthetic MFM segment, con-
verted to grayscale, the binary threshold is applied to remove the background and
isolating the nanomagnetic structure. A bounding box is computed around the segment
such that the boundary matches with the original segment. The connected compo-
nent mask extracts contours representing the original segment with an area above a
predefined threshold of 20 pixels and the rest are discarded to avoid artifacts or par-
tial segments. Once segment bounding boxes are established, each synthetic segment
is resized to match the bounding box of its original counterpart and overlaid onto the
reassembled image at the correct location as explained in the Section 4.2. The centroid
of each segment is calculated using:

xcenter = x+
w

2
, ycenter = y +

h

2
(21)

where (x,y) are the top-left coordinates of the bounding box, and (w,h) are its
width and height. Each centroid position is stored in a list alongside its segment label
for reference as Segment ID, the unique identifier for each nanomagnetic segment,
x-coordinate which is the horizontal position of the centroid and y-coordinate stores
vertical position of the centroid.

Vertex Identification of Honeycomb lattice Spin Ice: : In an artificial spin-ice
honeycomb lattice, a vertex is defined as the meeting point of three adjacent nanomag-
nets [18]. Each vertex corresponds to a trivalent interaction, where the three magnetic
dipoles contribute to the local frustration state. So from the calculated centroid we
can deduce that each vertex must be formed by three neighboring segment centroids.
To identify vertices, a maximum distance threshold (radius = 30 pixels) is applied
which defines the maximum allowable distance between two segment centroids to be
considered part of the same vertex. To identify all possible vertices, our algorithm
considers every unique triplet of segments from the dataset which stores the segment
ID, and their corresponding centroid (x,y). Using combinatorial selection, we iterate
over all segment triplets, Triplet = {(x1, y1), (x2, y2), (x3, y3)}, and each possible set
of three segments is extracted and their centroid positions are retrieved.

For each triplet of segments, the pairwise Euclidean distances are computed to
check for spatial connectivity:

d12 =
√

(x2 − x1)2 + (y2 − y1)2 (22)

d13 =
√

(x3 − x1)2 + (y3 − y1)2 (23)

d23 =
√

(x3 − x2)2 + (y3 − y2)2 (24)
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If all three distances are within the predefined radius threshold (r), the segments
are considered to form a valid vertex; d12, d13, d23 ≤ r.

To calculate the vertex centroid, the vertex location is computed as the centroid
of the triangle formed by the three segments:

xvertex =
x1 + x2 + x3

3
, yvertex =

y1 + y2 + y3
3

(25)

Thus each vertex is assigned a unique central coordinate.
The energy state of each vertex is determined by its three associated segments. 

Therefore, we classify the vertices to identify the high-energy points within the hon-
eycomb lattice.

Frustration Classification: I n a n A SI s ystem, f rustration o ccurs w hen com-
peting magnetic interactions prevent a system from reaching a globally minimized 
energy state [25]. Each vertex in the honeycomb lattice consists of three interacting 
nanomagnets, forming a three-state system where the dipole orientations define its 
frustration state.

The frustration states in the VAE-generated ASI system are classified a s high 
energy and low energy vertices. The high energy vertices are sub-classified i nto +3q 
(3-in), direction of three arrows from the associated segments convergent towards the 
vertex and -3q (3-out), where the three arrows are divergent from the vertex. The 
low energy vertices are also sub-classified i nto +q ( 2-in, 1 -out) a nd - q ( 2-out, 1  in). 
Thus the analysis is based on the magnetic moments of nanomagnet segments and 
their interactions at lattice vertices.

From above sections we identified e ach s egment and vertex p ositions o f t he VAE 
generated ASI system and the magnetic moment orientations are extracted from the 
synthetic magnetic moment dataset the method of which are explained in section 
4.2. The vertex segment associations are retrieved to map each segment to its corre-
sponding vertex and each segment’s magnetic moment is then mapped to represent 
the magnetic moment set (Ms) for a given vertex consisting of three segment IDs 
(S1, S2, S2): Ms = {S1, S2, S3}. For each segment, we extract its binary direction 
(0,1) from the dataset and assign magnetic moments pointing towards right as 0 and 
left as 1.

A vertex is classified based on the relationship between the horizontal segment (H), 
the two angled segments (A1,A2) and the corresponding vertex position. If magnetic 
moment of the two angled segments match while the horizontal segment opposes i.e., 
A1 = A2 ̸= H, the system is unable to achieve a minimum energy state, leading to 
frustration and if the magnetic moment of all three segments are equal i.e, A1 = A2 = 
H, the system achieves a stable low-energy configuration. No we f urther c lassify the 
frustrated vertex and we consider the position of vertex with respect to the horizontal 
segment as the reference point. To identify the horizontal segments, we extracted 
the contours of the segment and apply an ellipse fit t o e stimate t he o rientation. We 
calculate the segment’s angle (θ) from its bounding contour,Si for the i-th segment,
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as given by:
θ = fitEllipse(Si) (26)

The angle of the horizontal segment (θh) associated with each vertex is then
identified with an angle closest to 0◦ or 90◦, as

θh = min(|θ − 0◦|, |θ − 90◦|) (27)
The frustrated vertex class might have two conditions: (a) the detected horizontal

segment is shared between two frustrated vertices and (b) the frustrated vertices are
disconnected. For the first case, if a vertex lies to the right of the horizontal segment
and the magnetic moment associated with the horizontal segment is 1, the right
vertex is classified as ”+3q” and assigned red squares as shown in Fig. 5 and the left
connected vertex is classified as ”-3q”, denoted by magenta squares.
If a vertex lies to the left to the horizontal segment and the magnetic moment of the
horizontal segment (MH) is 0, then the left vertex is classified as ”+3q” and the cor-
responding right vertex is ”-3q”. This classification is based on energy asymmetry in
the ASI system, where relative positions impact frustration strength. For each vertex,
the algorithm compares its x-coordinate to the x-coordinate of the horizontal segment.

If xvertex > xsegment and MH = 1 : +3q and the other connected vertex is -3q

If xvertex < xsegment and MH = 0 : +3q and the other connected vertex is -3q.

For the second case where the horizontal segment is not shared by two frustrated
vertices, we remove the logic where the other connected vertex is the opposite frus-
tration. So the logic can be simplified as:

If xvertex > xsegment and MH = 1 : +3q and

if xvertex < xsegment and MH = 0 : +3q.

The low energy state class of vertices, where the interactions between the three 
segments forming a vertex are minimally strained, are also sub classified w ith refer-
ence to the relative position and magnetic moment of the horizontal segment.
If the vertex is to the left of the horizontal segment (xvertex < xsegment),
For MH = 1, the vertex is +q denoted by green star and
for MH = 0, the vertex is -q denoted by yellow star.

If the vertex is to the right of the horizontal segment (xvertex > xsegment),
For MH = 0, the vertex is +q denoted by green star in Fig. 5 and
for MH = 1, the vertex is -q denoted by yellow star.
In some cases, low energy states may still exist even when A1 ̸= A2, meaning that 
magnetic moment of the two angled segments do not point in the same direction. In 
such cases,

If xvertex < xsegment and MH = 1, it is classified as +q (Green star) and M H = 0 
it is classified as -q (Yellow star).
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Ifxvertex > xsegment and MH = 0, it is classified as +q (Green s tar) and M H =  1 
it is classified as -q (Yellow star).

This detailed classification m ethod h elps i n d istinguishing s table (low-energy) 
regions in the spin-ice system, which is crucial for analyzing magnetic order and energy 
distribution.
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Figure legends

Fig. 1 ”Magnetic AFM setup and representative AFM topography and MFM phase
images of the artificial spin ice sample.”

Fig. 2 ”Workflow for VAE generated MFM reconstruction and frustration
optimization in the artificial spin ice lattice.”

Fig. 3 ”Morphology segmentation and mapping onto the MFM phase image to
extract individual nanomagnet segments.”

Fig. 4 ”Reconstruction of segmented nanomagnets and identification of artifacts
during magnetic moment determination.”

Fig. 5 ”Progression from experimental MFM images to VAE assisted moment
maps, vertex classification, and frustration minimization by selected flips.”

Fig. 6 ”Variational autoencoder architecture used to generate synthetic MFM
segments from the training images.”


