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Artificial intelligence enhanced two-dimensional nanoscale
nuclear magnetic resonance spectroscopy
Xi Kong1,6, Leixin Zhou2,6, Zhijie Li3,4,6, Zhiping Yang3,4, Bensheng Qiu3, Xiaodong Wu2✉, Fazhan Shi 3,4,5✉ and Jiangfeng Du 3,4,5✉

Two-dimensional nuclear magnetic resonance (NMR) is indispensable to molecule structure determination. Nitrogen-vacancy
center in diamond has been proposed and developed as an outstanding quantum sensor to realize NMR in nanoscale or even
single molecule. However, like conventional multi-dimensional NMR, a more efficient data accumulation and processing method is
necessary to realize applicable two-dimensional (2D) nanoscale NMR with a high spatial resolution nitrogen-vacancy sensor. Deep
learning is an artificial algorithm, which mimics the network of neurons of human brain, has been demonstrated superb capability
in pattern identifying and noise canceling. Here we report a method, combining deep learning and sparse matrix completion, to
speed up 2D nanoscale NMR spectroscopy. The signal-to-noise ratio is enhanced by 5.7 ± 1.3 dB in 10% sampling coverage by an
artificial intelligence protocol on 2D nanoscale NMR of a single nuclear spin cluster. The artificial intelligence algorithm enhanced
2D nanoscale NMR protocol intrinsically suppresses the observation noise and thus improves sensitivity.
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INTRODUCTION
Molecular structure analysis is the cornerstone of biology, chemistry,
and medicine. Among three vastly used techniques for structure
analysis, X-ray, electron microscopy, and nuclear magnetic reso-
nance (NMR), NMR is the most promising technique to reveal the
structure information with nondestructive detection in the room
temperature under living condition. However, the conventional NMR
relies on a large scale of molecule ensembles to obtain sufficient
signal-to-noise ratio (SNR), which loses some individual information
of single molecule. Thus, there is an urgent need for single
molecular structure analysis by a more sensitive, non-label, and
living-condition-compatible NMR method. Thank to high sensitive
atomical-scale nitrogen-vacancy (NV) centers1,2, nanoscale magnetic
resonance spectroscopy has been developed rapidly over the past
years. Single spin sensitivity NMR3, single-molecule magnetic
resonance4,5, and microscopic 2D NMR6 have been realized with
NV centers. While these works on nanoscale NMR make it possible to
provide an insight into molecule structure, 2D nanoscale NMR7,8 is a
crucial step. Although 2D NMR reveals much more information of
the spectrum, the measuring times of the two-dimensional NMR
increase quadratically with sampling numbers.
Thus, there is a compelling need to speed up 2D nanoscale

NMR. Both compressive sensing and sparse approximation has
been used in conventional9–12 and nanoscale3,13,14 magnetic
resonance. However, compressive sensing is based on the prior
knowledge of additional information to effectively recover the
measured data13. And the sparse approximation, which is used to
accelerate 2D NMR spectroscopy13, may not well handle the case
with very low sampling coverage15, has limited speed-up capacity.
Deep learning (DL), using multi-layered artificial neural net-

works, which mimics the network of neurons of the human brain,
has been demonstrated superb capability in super-resolution
imaging16, imaging denoising17, inpainting, and completion18.

Recently, deep learning has also been applied in the physics field,
e.g. mitigating effects of noise in nano-NMR14 and characterizing
states and charge configurations of semiconductor quantum dot
arrays19. The success of DL stems from its capability of learning
complex non-linear models from a large training dataset, which
enables it to learn superhuman proficiency to recognize special
patterns in the two-dimensional spectrum. For 2D NV spectrum
map reconstruction, this means a large amount of full-resolution
spectra from experiments should be provided.
However, data acquisition is highly time-consuming for now,

which hinders training deep neural networks on real experimental
data. Due to the lack of experimental training data, to leverage the
power of DL for 2D NV spectrum map reconstruction, we have to
turn to an alternative: using simulation data for DL network training.
This yet may generally introduce the domain shift problem20, i.e. the
distribution of the simulated data could be different from that of real
experimental data, causing reduced quality of the reconstructed NV
spectrum map. In addition, the DL network may not be able to well
capture the global low-rank feature of the NV spectrum map.
Inspired by unobserved entries fill strategy21,22 and matrix

completion based domain adaptation23–25, we propose to combine
the deep learning network with the matrix completion algorithm15

to develop our DLMC method for efficient NV spectrum map
reconstruction. DL can learn very complex non-linear mapping from
a partially filled spectrum map to its full-resolution map, with the DL
network trained with simulation data; while the traditional matrix
completion (MC) method is used for post-processing the DL output
map to keep its low-rank property, thus further alleviate the domain
shift problem. In our experiment, we adopt this method to recover
the missing entries from a partially sampled 2D NV spectrum map
(Fig. 1a), which largely enhances the experiment efficiency.
Compared with the MC method and the barely DL method, our
speed-up protocol can reconstruct the experiment data with very
low sampling ratio and no domain shift (Fig. 1b).
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Here we present the proposed DLMC method for 2D NV
spectrum map reconstruction based on deep learning (DL) and
the classical matrix completion method (MC).

RESULTS
Deep learning network construction
The deep learning network is a trained convolutional neural network
(CNN) for the 2D NMR map reconstruction, including the CNN
architecture, training data generation and network training. The
DLNet is trained with simulated 2D NMR spectra (see “Methods” for
detail).
A deep learning encoder-decoder convolutional neural network

(DLNet) was utilized for the 2D NV spectrum map reconstruction,
which is demonstrated in Fig. 2a. The encoder (the left half part)
consists of a sequence of six groups of convolutional layers for
image feature extraction. The first group contains one convolu-
tional layer with 32 kernels. The next four groups have a similar
architecture, each of which contains a residual (Res) block
followed by a learnable pooling layer. Each Res block consists of
a stack of one convolution layer, a rectified linear unit (ReLU) layer,
followed by another convolution layer, an element-wise sum layer,
and a ReLU layer. The pooling layer in each group reduces the size
of the feature image output by the group, enabling more global
views of the NV spectrum map. On the other hand, this pooling
operations cause the loss of resolution. The number of kernels
used in each convolutional layer in the second group is 32. To
compensate for the resolution loss, from the 3rd to 4th group, the
number of kernels used in the convolutional layers is doubled
from the previous group. The 6th group contains a Res block with
512 kernels used in each convolution layer.
The output feature images of the encoder then flow into the

decoder (the right half part in Fig. 2a), which consists of 5 sequential
groups of convolutional layers. Except for the last group, which
contains a single convolution layer, each group contains a transposed
convolution layer (Trans conv) followed by a Res block. The serial of
transposed convolution operations helps recover the solution of the
NV spectrum map. With the resolution recovered, the number of
kernels used in convolution layers of the groups is reduced by half
from one group to the next, as shown in Fig. 2a.
In addition, to preserve detailed image information and to

alleviate the gradient vanishing problem, horizontal skipping
connections (Skipping conn) are added between the correspond-
ing layers of the same resolution between the encoder and the

decoder (Fig. 2a). All convolution layers have the same kernel size
of 3 × 3 with a stride of 1 and padding of 1. All the pooling layers
and transposed convolution layers have the same kernel size of
2 × 2 with a stride of 2. The output of the decoder is the
reconstructed 2D NV spectrum map.
The building blocks for our proposed DLNet, convolution layers,

pooling layers, ReLU activation layers, and transposed convolution
layers compose a deep learning convolutional neuron network
(DLNet). The tremendous success of CNNs is due to its capacity of
learning rich multi-resolutional features from training data,
accomplished through recipes of combining convolutions and
poolings. Our proposed DLNet learns a variety of kernels (shape
templates) of different patterns and different sizes. Those
templates allow DLNet encode an NV spectrum map into a rich
set of multi-resolutional feature responses, which represent spatial
and hierarchical distribution of various patterns in the spectrum
map, providing highly predictive visual cues for sparse reconstruc-
tion. Illustrations of each building blocks can be found in Fig. 2b.
The proposed DLNet was trained on the simulated data. The

process of training is illustrated in Fig. 2c. The original simulated NV
spectrummap is of size 50 × 50. For simplicity, we padded the map to
have a size of 64 × 64. We also normalized all map entries to the
range of [0, 1], and manually added Gaussian noise with zero mean
and 0.1 standard deviation. The sparsely sampled normalized map
Msim and its corresponding sampling matrix were concatenated in
channel dimension and fed into the proposed DLNet. At the output
end, a reconstructed spectrum map DLðMsimÞ with a full resolution is
generated. For training, we utilized an L1 loss for back propagation.
The Adam optimizer with a learning rate 5 × 10−4 was chosen. The
training process ran for 500 epochs.

Combination of DL and MC
However, the output of DLNet may be biased to training data.
Specially, we propose to utilize traditional MC method to post-
process the output of DLNet. In this way, helpful information
provided by DLNet can be used, and also domain shift problem
can be relieved. The proposed DLMC algorithm for the 2D NV
spectrum map reconstruction with low data sampling coverage
consists of two steps, as shown in the Fig. 3. The first step is to
utilize the trained DLNet to reconstruct a full-resolution spectrum
map, denote by DLðMÞ, from an input partially sampled map
M 2 Rn ´ n. The pipeline is illustrated in Fig. 4. As DLNet is trained
on simulated NV spectra, the output full-resolution spectrum map
DLðMÞ is subject to the data distribution of the simulated data,

Fig. 1 2D NMR data acquisition and the schematic of 2D nanoscale NMR enhanced by artificial intelligence. a NV center is a state-of-art
quantum NMR spectrometer. A single NV center (red) is fabricated underneath several nanometers from diamond surface while a target
molecule is placed on the surface. 2D NMR method can help to reveal the molecule structure in nanoscale. Artificial intelligence is able to
recover full spectrum from sparse sampled experiment data. b Illustration of the proposed DLMC method and the MC method when the
sampling ratio is low. Here we use the topological isomorphism as a metaphor indicating whether there exist possible legitimate mappings
between different data manifolds. The combined deep-learning-matrix-completion (DLMC) method is immune from both drawbacks.
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which could be subtly different from that of the experimental
spectrum maps. In addition, our experiments show that DLNet did
not well capture the low rank property of the NV spectrum map.
Thus, as the second step of our DLMC method, we make use of the
traditional MC algorithm to post-process the output spectrum
map DLðMÞ of DLNet to enhance the low-rank of DLðMÞ, further
improving the domain adaptation.
The singular value thresholding (SVT) algorithm15, which is one of

the classical MC methods, is utilized as a post processing to realize the
low-rank property of the reconstructed map. Due to its efficiency,

simplicity of implementation, and guaranteed convergence, SVT has
been widely used for matrix completion. The while loop in Fig. 3
presents the major steps of the SVT algorithm, in which τ is a user
defined singular value threshold and σ is the step size. Note thatM is
the input partially sampled matrix (an NV spectrum map), whose
sampled locations are denoted by Ω, that is, for any (i, j)∉Ω, Mij is
unknown. The reconstruction error for the known entries in M is
defined as jjPΩðM� XÞjjF=jjPΩðMÞjjF, where PΩðAÞ is equal to Aij
if (i, j)∈Ω and null otherwise, and ∣∣ ⋅ ∣∣F is Frobenius norm. ϵ is a user
defined tolerance of the reconstruction error. The loop starts from

Fig. 2 Deep learning convolutional neural networks for 2D NV correlation map reconstruction, denoted as DLNet. The experiment was
performed on the time domain. a DLNet architecture. One encoder-decoder convolutional neural network (CNN) was chosen here. In the
encoder (left half ) part, a sequence of hierarchical filters was utilized to recognize the image features, enabling to encode the global structure
of the correlation maps in the neural network. In the decoder (right half ) part, contrary operations were performed. The network was trained
by simulated data. b The schematic configuration for building blocks. Details for each building blocks can be found in “Methods” and Fig. 8.
c The DLNet is trained on the simulated data. The dotted line denotes the back propagation.
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singular value decomposition of DLðMÞ, and then thresholds the
singular matrix in step 6, followed by the generation of a new
reconstruction X(k). Step 7 is used to compensate the changes of the
sample entries induced by the SVT computation.

Experiment with AI enhancement
The nanoscale 2D NMR spectroscopy is performed on a coupled
nuclear cluster probed by quantum NV sensor7. The system is
controlled by the COSY protocol (Fig. 5a) to reveal the coupling
between two nuclear spins. The system is a coupled nuclear spin
dimer and the NV sensor inside a diamond. The external magnetic
field is 158mT along the main axis of NV sensor. The evolution of the
coupled nuclear spin dimer is readout by the correlation sequence on
the NV sensor. The nuclear spins are firstly initialized to the x–y plane
of Bloch sphere. Secondly, the system evolves freely for time t1. Then
a half π is performed on the nuclear spin. In our experiment, the half
π pulse is carried on through coherent control of NV sensor. However,
it can be realized by RF pulse without loss of generality of our
nanoscale 2D NMR method. After a second free evolution time t2, the
final result is then readout by NV sensor. Both time parameters t1 and
t2 are swept from 4 μs to 0.9ms to get 2D NMR spectrum, the
spectrummatrix is shown in Fig. 5c. Each entry of the spectrummatrix
is an average of the 1.5 × 105 measurement readouts. The artificial
intelligence DLMC algorithm is utilized here to improve data
acquisition efficiency. The intrinsic bias problem of the deep learning
algorithm is alleviated while combined with the matrix completion
method. As shown in Fig. 5d, the result obtained by the DLMC
algorithm on the 40% sampled data shows less noise and resonant
peaks in the upper-right corner compared to the MC-only method.
For the 10% sampled data (Fig. 5e), the MC-only method fails to
recover the spectrum while DLMC is still able to recover the spectrum.
From the residual analysis, the spectrum processed by DLMC on the

10% sampled data has fewer residuals compared to the spectrum
recovered by the MC-only method from the 40% sampled data. Thus,
the performance of DLMC on the 10% sampled data is better than
that of the MC-only method on the 40% sampled data. The sampled
data was generated by a randomly generated mask for each sampling
coverage.

DISCUSSION
To evaluate the performance of our method, we calculate the
signal to noise ratio (SNR) and root mean square error (RMSE) in
frequency domain to analyze both relative and absolute noise. In
order to calculate the SNR we take the maximal signal of [21.9,
21.9] kHz, [23.5, 21.9] kHz, [21.9, 23.5] kHz, [23.5, 23.5] kHz peaks
and compare them with the mean amplitude of a blank region
which doesn’t contain peaks. Due to the long acquisition time, we
only acquire 80% of the 50 × 50 spectrum matrix in the time
domain. Each experimental spectrum in the time domain is
normalized to the range of [0, 1], as in the DLNet training. The
proposed DLMC method is compared to the MC method15, the DL
alone method (with no MC post-processing), and the trivial
method of recovering the missing entries with the mean of their
observed neighbors (which is denoted by orig).
The calculated results are demonstrated in Fig. 6. In order to

quantify the signal to noise ratio (SNR), the maximum of the peaks
and standard deviation of other spectrum region are calculated. As
seen from the result, the DLMC method has the best SNR for most
cases. Compared to the FFT result of the original data, the SNR is
enhanced by 5.7 ± 1.3 dB, while the MC method enhance only 3.2 ±
3.1 dB. However, DLMC worked similarly to DL-only and outperformed
the other two methods because here SNR neglecting the noise of the
concerned peak regions. With the analysis of RMSE (Fig. 6b), which
evaluates the overall fidelity between the original and reconstruction
spectrum, our DLMC method has the best performance. The results
show clearly that even for a spectrum matrix with a sampling
coverage of only 10%, our DLMC method has the capability to
reconstruct from sparse data with higher SNR and lower RMSE
compared to the MC-only method while applying on a spectrum
matrix with a sampling coverage of 40%. As the DLMC method
maintains the SNR and RMSE while the sampling coverage decrease
from 80% to 10%, the bond length sensitivity would be enhanced
from 0.8 nm/

ffiffiffiffiffiffi
Hz

p
7 to 0.3 nm/

ffiffiffiffiffiffi
Hz

p
.

Although our DLMC method has the best performance in SNR
and to eliminate distortions compare with other methods
(Figs. 5d, e, 6, and 10), there’re still visible artifacts and amplitude
distortion in the reconstruction spectrum, especially in low
sampling coverage case. However, incorporation of some other
metrics like structural similarity index measure (SSIM)26 in the loss
function to train the DLNet using the training datasets, it’s
possible to further reduce signal distortions in the reconstructed
spectrum maps. Furthermore, the proposed DLNet can be trained
with a simulated dataset7 consisting of instances with different
peaks. This arms the trained DLNet with the capacity of
reconstructing NV spectrum maps with different number of
peaks. The postprocessing MC algorithm can naturally deal with
arbitrary peaks. Thus, our DLMC method is well feasible to scale
to multiple peaks. Moreover, special sampling schemes27–30 can
jointly optimize the sampling pattern and the proposed DLNet to
further improve the NV spectrum map reconstruction. Overall, in
the future, combined with conventional signal processing
method like filtering function, special sampling schemes and
GFT10, it’s possible for our DLMC method to handle more
complicated and high-dimensional nanoscale NMR spectroscopy
experiments.
In conclusion, the artificial intelligence enhanced nanoscale 2D

NMR spectrum by NV quantum sensor is demonstrated. With deep
learning, the full 2D spectrum can be recovered from 10% of the data,
thus the experimental time is shortened by an order of magnitude,

Fig. 3 The DLMC algorithm. Here is the major steps of the SVT
algorithm, where M is the input partially sampled matrix, τ is a user
defined singular value threshold, ε is a user defined tolerance of the
reconstruction error and σ is the step size.

MCTrained
DLNet

M DL(M) DLMC(M)

exp data reconstruction final
reconstruction

remove
bias

Fig. 4 The inference pipeline of the DLMC method. The trained
DLNet is utilized to generate the reconstruction, followed by the
classical matrix completion algorithm (MC) for post-processing of
the reconstructed spectrum map to produce the final prediction. For
clarity, the reconstructions of experiment data are demonstrated in
the frequency domain.
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Fig. 5 Two-dimensional nuclear magnetic resonance with or without deep learning. a Control protocols for 2D nanoscale NMR spectrum, it
is in analog to the conventional COSY sequence. The nuclear spin evolution on Bloch sphere is also shown here. b The spatial configuration of
the NV sensor (red) and nuclear spins (green). c The 2D nanoscale spectrum in time domain. The data is adopted from ref. 7. d The spectrum
reconstructed by DLMC and MC method from 40% sampled data. Both can recover the 2D spectrum. e The spectrum reconstructed by DLMC
and MC method from 10% sampled data. DLMC succeeds to recover 2D spectrum while MC-only fails.
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where the compression ratio may be improved with more training.
Together with previous work on nanoscale NMR spectroscopy, the
speed up nanoscale 2D NMR can yield valuable structural information
as opposed to bulk NMR, where such interactions typically hamper
the structure analysis. And without loss of generality, the DLMC
method can also be applied to other magnetic resonance and
imaging experiments. In the future, it is possible to construct the
whole three-dimensional structure of the molecule from enough
information of the lengths and angles of chemical bonds obtained by
the high-speed 2D NMR.

METHODS
Nanoscale 2D NMR experiments
The details for the experiment are shown in Fig. 7.

Sample and setup. A single NV center in a CVD-grown diamond with
natural abundance (1.1%) of 13C nuclear spins is used in experiment.
External 1580 Gauss magnetic field is applied here. Thus the Larmor
frequency of 13C nuclear spin is ωL= 1.69 MHz. A NV electron spin and 13C
nuclear-spin pair system is studied in our work.

Initialization. The initialization of nuclear spin is shown in Fig. 7a. Firstly, a
1.5 μs laser pulse is applied to initialize the electron spin to ms= 0 state.
Secondly, a half π pulse transform the electron spin to x–y plane. Then a
train of periodical π pulses ðτ2 � π � τ

2ÞN is applied to the NV sensor. τ is set
as τ = 7/(2ωnuc) to be resonant with the nuclear spin. τ= 2045 ns, N= 40 in
our experiment. Then, end is another π/2 pulse with 90° in the microwave
pulse. The procedure is not actually the initialization of the nuclear spin,
but to correlate the nuclear spin state with the electron spin state31.

π/2 pulse. The π/2 pulse on nuclear spin is realized by a periodical
π pulses on NV sensor32. The time interval is set to be τ= 292 ns.

Correlation read. The last readout protocol is similar with initialization
process. The microwave control pulses are the same. But the laser pulse is
added in the end to readout the change of the correlation of the nuclear
spin and the NV sensor.

2D NMR procedure. A two-dimensional protocol is performed in analog to
the COSY spectroscopy in conventional NMR. The Hamiltonian is
H ¼ DS2z þ γeB � Sþ γcB � I1 þ I2ð Þ þ S � A1 � I1 þ A2 � I2ð Þ þ I1 � J � I2, where
S, Sz denotes the NV electron spin, Iα denotes the αth nuclear spin, Aα denotes
the hyperfine coupling tensor between NV and nuclear, J denotes dipolar
coupling interaction between two nuclear spins. Then target nuclear spins are
then evolve under [initialization− free evolution t1− π/2 pulse− free evolu-
tion t2− correlation read] as shown in Fig. 5a. During the first interval of 0 to t1,
the two nuclear spins I1 and I2 interact and a phase ϕ1= (ωL+ a1,∥Sz+ Jzzm2)
m1t1 is accumulated in the first nuclear spin, where a1,∥ is the parallel
component of the hyperfine interaction of the NV sensor with I1, and Jzz is the
zz component of the coupling between nuclear spin I1 and I2. The second free
evolution comes after the π/2 pulse. Another phase ϕ2= (ωL+ a1,∥Sz+ Jzzm2)
m1t2 accumulates. In the end, correlation read pulse read out the transverse
component of the nuclear spin.

Data acquirement. Sweeping the duration time t1 and t2 from 4 μs to
0.9 ms with 18 μs step, a 50 × 50 size data is collected. However, due to
large experiment time cost, only 80% data are collected. The data
correspond to nuclear spin transverse component, which are collected by
NV sensor through optical detected magnetic resonance technique. The
correlation spectroscopy map in time domain is shown in Fig. 5c.

Data simulation
For supervised learning, enough amount of data with ground truth should be
provided. In our scenario, the pairs of partially sampled NV spectrum map and
the corresponding one with a full resolution is necessary. For 2D NV NMR, data
acquisition is highly time-consuming, which hinders to train deep neural
networks on real experimental data. Therefore we propose to utilize simulation
to generate the training data. The simulation is performed under Schrödinger
equation with the NV-13C system. The Hamiltonian is

H ¼ Sz
X2

m¼1
ðAzxmIxm þ AzymI

y
m þ AzzmI

z
mÞ

þ Jð3ðI1 � r1ÞðI2 � r2Þ � I1I2Þ þ ωLðI1;z þ I2;zÞ;
(1)

where Sz is the NV electron spin, Im,α is the m-th nuclear spin, Am,αβ is the
hyperfine coupling between NV and nuclear, J is dipolar coupling interaction
between two nuclear spins.
The initial state is

1 0

0 0

� �
� ρn; (2)

where ρn is the maximum mixed state of nuclear spin system as the initial
state for them. Then the NV-nuclear spins interacting system evolves under
dynamical decoupling sequences: π/2∣x− (τ/2− π− τ− π− τ/2)N/2− π/2∣y
− t1− π/2∣RF− t2− π/2∣y− (τ/2− π− τ− π− τ/2)N/2− π/2∣x. In the end we
extract the population in ms= 0 state as results.
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Fig. 6 Comparison of different reconstruction method, original FFT, DL, MC, DLMC. a SNR for different sampling ratios. b RMSE for different
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Fig. 7 Nanoscale 2D NMR control protocols. Control protocol
details for 2D NMR experiment of a nuclear initialization, b nuclear
π/2 operation, and c nuclear spin correlation readout. Laser pulses
are colored with green, and microwave pulses are colored with blue.

X. Kong et al.

6

npj Quantum Information (2020)    79 Published in partnership with The University of New South Wales



Convolution layers, ReLU activation layers, and pooling layers
Convolution layers. Given a convolution kernel κ and an input matrix f, the
output of a convolution layer is gm,n≡ (f*κ)[m, n]= ∑i∑jκi,jfm−i,n−j, where m and
n are the row and column indices of the matrix, respectively. Intuitively, CNNs
attempt to learn a variety of kernels or “shape templates”. These kernels are
slid over the matrix f to each position [m, n], and computes a weighted sum of
f around the position [m, n]. The weighting is given by the kernel κ: if the
values of f around the position [m, n] have a similar pattern with the kernel
template κ, the convolutional response f*κ at the position [m, n] will be high,
otherwise it will not. By the design philosophy of CNNs (local connectionism),
the kernel is of small size, i.e. the convolution response f*κ at the position [m,
n] is only related to the small region around the position [m, n] of the input
matrix f, called receptive field (Fig. 8a).

ReLU activation layers. In CNNs, it is common to apply a certain threshold to
the convolutional response f*κ via the means of an activation function and a
bias term. One popular choice in many CNN architectures is the ReLU, defined
as σðzÞ ¼ maxð0; zÞ. Combined with a bias term b, the ReLU activation layer
extracts only the “meaningful" convolutional responses that are above the
threshold b, via maxð0; ðf � κÞ½m; n� þ bÞ. The filtered convolutional response
aðm; n; κ; bÞ ¼ maxð0; ðf � κÞ½m; n� þ bÞ forms an activation map a. In a
convolution layer, multiple activation maps a1, ⋯ , ad corresponding to
different kernels κ1, ⋯ , κd and biases b1, ⋯ , bd constitute “channels" of the
output. In other words, a convolution layer utilizes different kernels (shape

Fig. 8 The building blocks of the DLNet. a Convolution layers. b Pooling layers. c Transposed convolution layers. d Schematic response
function for ReLU.
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contains only noise.
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templates) to codify the input image into a stack of activation maps a= [ai].
The stack of activation maps form essentially a 2D image with d channels and,
therefore, convolutions can be applied back to back. This enables to develop a
pyramid of features. With consecutive convolutions, the area of receptive fields
are expanded. Hence, the convolutions in later (deeper) layers are promoted to
capture patterns in a broader context, while the convolutions in earlier
(shallower) layers focus on smaller primitives (Fig. 8d).

Pooling layers. The process of constructing the pyramid of features can be
made more aggressive by introducing a down-sampling layer called
pooling. It partitions the input image into a set of non-overlapping
rectangles and, for each of such sub-regions, outputs the maximum or the
values computed by convolving with learned kernels using a step
size bigger than 1. The latter is utilized in the proposed DLNet, as it can
make the network to learn the pooling pattern. It should be sufficient to
note that pooling is an operation for reducing the resolution of activation
maps into a substantially lower resolution such that the size of the
receptive fields increases more aggressively (Fig. 8b).

Robustness of different sampling matrices
We also conducted an analysis to test the robustness of the proposed
DLMC method for different sampling schemes. We randomly generated
five sampled spectrum matrices from the experimental ground truth one,
with a fixed sampling coverage of 10%. Each compared method was
applied to each of those five spectrum matrices to reconstruct the
spectrum in a full resolution. The average RMSE and its standard deviation,
and the average SNR and its standard deviation, were computed and
recorded. The results are shown in Fig. 9a, b. Compared to the MC-only
method, it can be found that DLMC and DL-only have smaller variances of
RMSE and smaller variance of SNR in the frequency domain, which
indicates that DLMC is more robust than the MC-only method.

Evaluation for the effect of artifacts
In addition to SNR and RMSE, we further introduced the structural similarity
index measure (SSIM)26 to quantify the performance of the spectrum
reconstruction. Previous study has shown that both SNR and RMSE can

Fig. 11 Multiple nuclear simulation and spectrum reconstruction with 10 % random data. a NV and 5 coupled 13C system, red dots are NV
centers, and blue dots are 13C nuclei. The relative position of each 13C pair is determined, the molecule position are randomly chosen in a plane
0.8 nm above the NV center, the molecule orientation is randomly chosen. b Spectra of original simulated spectra with parameters in a, experimental
errors are not considered in the simulation. c Spectra reconstructed by the AI algorithm with 10% randomly sampled data from original simulation
outputs. d–f Anther nuclear configuration, corresponding simulated full sampled spectra and reconstructed 10% sampled spectra.
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well assess the quality of noisy images. D. C. Peters et. al. also
demonstrated that a similar metric to RMSE can be used to qualify the
artifacts in a 2D image33. However, neither SNR nor RMSE may be able to
measure the similarity of structural contents between images. We thus
proposed to additionally utilize the SSIM metric for quality assessment
based on the degradation and distortion of structural information. The
SSIM metric is defined as,

SSIMðx; yÞ ¼ ð2μxμy þ c1Þð2σxy þ c2Þ
ðμ2x þ μ2y þ c1Þðσ2x þ σ2y þ c2Þ ; (3)

where x and y are two spectra data, μx and μy are their respective averages,
σ2x and σ2y are the variances, σxy is their correlation coefficient, and c1 and c2
are small numbers to stabilize the division. A value of 0 indicates no structural
similarity and value 1 is only reachable in the case of two identical images
and therefore indicates perfect structural similarity. As shown in Fig. 10, the
proposed DLMC method improved the SSIM values (Eq. 3) for different
sampling coverages comparing to those of the original under-sampled
spectrum maps. In the future, we plan to include the SSIM metric (Eq. 3) in
the loss function to train the DLNet using the training data with simulated
distortions to further reduce distortions in the reconstructed spectrum maps.

Deep-learning algorithm on multiple nuclear spins
Calculations on multiple nuclear spin systems are carried out to shown the
speed up ability of our method on general multiple nuclear spin systems.
The training data is generated by simulation on two-dimensional spectra
of 5 13C nuclear spins of two isotopic labeled amino acids in a single avian
pancreatic polypeptide molecule adjacent to the NV center with a 1500G
external field along NV axis. The positions and orientations of molecule are
randomly chosen. 0.85 MHz sampling rate and 500 points scale are chosen
considering the physical system and limited computing resources.
The training data is a set of calculation outputs with random spatial

parameters. The algorithm is tested with another set of random spatial
simulations. The coordinates of two different nuclear spin system are
shown in Fig. 11a, d. The simulated full sampled spectra and reconstructed
10% sampled spectra are shown in Fig. 11b, e and 11c, f, respectively. The
RMSE of the reconstructed spectra is 0.018 ± 0.002. The RMSE is much
smaller than previous because the simulated data has no experimental
error and the simulated spectra amplitude here is normalized.
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