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Synopsis
MR fingerprinting is a novel quantitative MR imaging technique that provides multiple tissue properties maps simultaneously. Designing appropriate
MR fingerprinting sequence patterns is crucial to speed up data acquisition while obtaining accurate measurements. Here we propose an advanced
MR fingerprinting optimization framework that incorporates undersampling artifacts and random noise in the cost function which directly compute
quantitative errors in the result maps. We use quantum-inspired algorithm to solve the problem and generate optimized sequences. In both
simulation and in vivo experiments, the optimized sequence showed improved image quality and measurement accuracy.

Introduction
MR Fingerprinting (MRF) is a quantitative imaging method that simultaneously provides multiple tissue property maps . To achieve precise and accelerated
scans, optimization of MRF sequence patterns has long been the goal of MRF research but has been challenging due to the large number of degrees of
freedom in the MRF design. Most of the current methods are based on indirect measurements, such as dictionary orthogonality and signal magnitude, or
assume that the signal is only affected by random noise without considering undersampling artifacts . Here we propose an advanced MRF optimization
framework that 1) implements a fast-computing model that accounts for measurement noise and aliasing artifacts from any arbitrary sampling trajectories, and 2)
constructs a cost function that directly measures quantitative errors of the resulting tissue maps. A quantum-inspired optimization (QIO) approach is adopted to
handle such non-convex and high dimensional problem. QIO has been shown to avoid the effects of local minima which means they can find the optimal
sequences for a more flexible and realistic scan scenario, which is not feasible via classical optimization algorithms.

Method
While the proposed framework could be applied to any MR sequence, we have started with an MRF-FISP sequence . We constructed a cost function estimating
T1 and T2 errors due to undersampling and measurement noise during the scan using a brain phantom with three representative tissue types, white matter, gray
matter, and cerebrospinal fluid. The undersampling errors were modeled using a fast partially separable approach . This approach alone achieved a factor of
over 100 acceleration in computing aliasing artifacts from a highly accelerated single-shot spiral acquisition as compared to direct gridding. Quality factors were
calculated to indicate the likelihood of corruption in signals of each tissue type in presence of random noise . We adapted the substochastic Monte Carlo , a
quantum inspired optimization algorithm, and simulated annealing method  to continuous variable problems and applied it to minimize T1 and T2 undersampling
errors and maximize quality factors of all tissue types in each iteration. Accuracy and image quality of quantitative tissue maps were assessed using simulations
and in vivo scans. For each sequence, signal evolutions from WM, GM and CSF of a phantom were simulated incorporating complex valued coil maps, then
undersampled with a single shot spiral arm in k-space. The undersampled signal evolutions were matched to the MRF dictionary to obtain T1 and T2 values and
compared against the ground truth. Separately, in vivo scans were performed in compliance with the IRB in a Siemens 3T Skyra scanner. Both the optimized
and original empirical MRF sequences were tested on the same volunteer. All scans were acquired with an FOV of 300×300 mm , image resolution of 1.2×1.2
mm  using a single shot spiral acquisition, resulting in an acceleration factor of 48.

Results
By evaluating wide ranges of hyperparameters in the cost function, QIO generated a large number of sequences with 480 TRs as mapped in Figure 1. Optimal
solutions were identified via subsequent post-evaluation of quality factors, undersampling errors and scan time. Figure 2 shows the simulated T1 and T2 maps
from one example of optimized sequence, the truncated original sequence (480 TRs) and raw phantom data. The simulated T2 map from the truncated original
sequence exhibits severe shading artifacts similar to those in actual scans, and supported our simulation method as replicating in vivo conditions. In the
simulation, maps from the optimized sequence are immune to the same undersampling and phase distortions. Table 1 lists T1 and T2 errors from three tissue
types due to undersampling and noise. While the difference in mean T1 error between two sequences is not obvious, the mean T2 error is smaller for the
optimized sequence. The acquisition time was slightly longer for the optimized MRF sequence of 6.4 s, as compared to 5.6 s from the truncated version of the
original MRF sequence. Figure 3 demonstrates in vivo T1 and T2 scans from the same optimized sequence and the shortened original sequence (480 TRs).
Similar to simulations, the T2 map from the optimized sequence shows no shading artifacts in frontal lobe and parietal lobe, thus provide more clear
visualizations and more precise measurements of brain tissue structures.

Conclusion
Using the proposed framework for MRF sequence optimization, we can optimize flip angle and TR patterns to restore signal orthogonality and robustness
against aliasing and random errors present in MRF data acquisition. As this powerful framework facilitates great flexibility in non-linear cost function design, the
optimization paradigm could integrate more sequence and tissue properties, or be modified based on signal features and real scan constrains for different MRF
applications.
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Figures

Figure 1: A map of all sequences generated by QIO. Each sequences are color coded by duration, and distributed on the map based on quality factors and the
inverse of undersampling errors. Values of both axes are higher the better. Performance of the original sequence (c2p) become worse when truncated shorter.
The optimized sequences theoretically outperform the truncated original sequence with 480 TRs (c2p480). Some even bear much less undersampling errors
than the original sequence with 3000 TRs (c2p3000).

Figure 2: T1 and T2 map simulations of the optimized sequence and the truncated original sequence (480 TRs) from a phantom map.

Table 1: Mean values of T1 and T2 errors in GM, WM and CSF from the truncated original sequence (480 TRs) and the optimized sequence in simulations
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Figure 3: In vivo scans from the optimal sequence and the truncated original sequence (480 TRs)
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