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Executive summary 

This deliverable reports on MANNGA’s design of chiral magnonic logic gates (CMLGs) and their 
modelling using micromagnetic simulations and an upgraded version of our phenomenological 
model previously developed to describe and to predict properties of different types of magnonic 
resonators (reported in MANNGA’s previous deliverable D2.3).  The current version of the model is 
valid for isolated CMLGs, while its generalisation to arrays of those is under way.   
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1. Introduction: The aims and objects of the phenomenological modelling in T3.1 

This deliverable results from activities in MANNGA’s Task T3.1, which aims to design chiral magnonic 

logic gates (CMLGs) and create their phenomenological models, validating the designs using 

micromagnetic simulations.  In contrast to similar activities in the beginning of the project, the designs 

and models are (i) informed by the existing experimental data obtained from MANNGA’s current 

designs of magnonic resonators, rather than complete CMLGs; and (ii) intended to be used in 

experimental implementation of the designed CMLGs.  MANNGA’s current designs of magnonic 

resonators exploit Fabry-Pérot resonances [1] formed due to spin wave (SW) reflection from magnonic 

dispersion mismatches at interfaces between yttrium-iron garnet (YIG) regions with and without a 

metallic magnetic overlayer; the structures are called here magnonic Fabry-Pérot resonators (MFPRs).  

In MANNGA, we have established that the incident SW energy is resonantly concentrated in the YIG 

region under the overlayer [2], and the energy concentration leads to an enhanced nonlinear response 

to the excitation.  The response is still, however, described well by our model developed for the case 

of energy concentration in the overlayer itself in chiral magnonic resonators (CMRs) from [3].   

2. Brief description of the basic CMLG designs. 

The basic design of a CMLG is shown schematically in Fig. 1.  The design uses a single CMR or MFPR as 

a nonlinear element.  Two SW inputs ‘𝐴’ and ‘𝐵’ are assumed to be combined into a single signal using 

an external circuit, and an additional control signal ‘𝑃’ is used to replenish the signal’s energy, so as to 

enable concatenation of multiple gates.   

 

Figure 1.  The basic CMLG design is schematically shown: A and 𝐵 are the two SW inputs, and C is the 

control signal.  The resonator ‘CMR/MFPR’, which can be either a CMR, or MFPR, acts nonlinearly on 

the superposition of 𝐴 and 𝐵.  The output of the CMLG is then denoted as CMLG(𝐴,𝐵).  

Under different assumptions about the amplitudes and phases of 𝐴, 𝐵, and P, the device from Fig. 1 

can perform different logical functions, such as ‘AND’ and ‘NAND’ gates (shown in Figs. 2 and 3, 

respectively) built assuming parameters of a CMR from [3] and CMLG(𝐴, 𝐵) ≈ 𝑃 + CMR(𝐴 + 𝐵).  
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Figure 2.  The CMLG design from Fig.1 performing ‘AND’ function.  

 

Figure 3.  The CMLG design from Fig.1 performing ‘NAND’ function. 
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3. Brief description of the phenomenological model. 

In reality, the assumption of CMLG(𝐴,𝐵) ≈ 𝑃 + CMR(𝐴 + 𝐵) and so the functions illustrated in 

Figs. 2&3 would not necessarily hold (e.g. due to peculiarities of injecting the control signal ‘𝑃’), while 

the design shown in Fig. 1 could be modified by injecting ‘𝑃’ in different places.  Hence, our 

phenomenological model was implemented under a more general set of assumptions, illustrated in 

Fig.4.   

 

Figure 4.  The system captured by the phenomenological model is schematically shown.  

As before, the device is driven by three signals, two logical ones 𝐼𝐴, 𝐼𝐵 , and a control one 𝐼𝑃 , while the 

complex-valued weights 𝑤𝐴, 𝑤𝐵 , 𝑤𝑃 , and 𝑤𝑂, and 𝑤𝐿 describe how these inputs are injected into 

different channels of the device.  In particular, the design from Fig. 1 is obtained by setting  𝐴 = 𝑤𝐴𝐼𝐴, 

𝐵 = 𝑤𝐵𝐼𝐵 , 𝑃 = 𝑤𝑂𝐼𝑃 , and 𝑤𝑃 = 𝑤𝐿 = 0.  The right- and left-moving SWs incident on the resonator 

are given by 𝐼𝑅  and 𝐼𝐿 , respectively, while quantities 𝑂𝑅  and 𝑂𝐿 describe the output of and the SW 

reflected by the device, respectively.  Quantities ∆𝑅  and ∆𝐿 describe coupling of  𝐼𝑅  and 𝐼𝐿 , 

respectively, to the resonator’s mode 𝜑(𝑡).  The latter is the only non-linear element of the device, 

and its nonlinearity is described using the method developed in MANNGA’s WP2, described in [3], and 

presented (with validation against micromagnetic simulation and experiment for isolated MFPRs) in 

deliverable D2.3.  The developed phenomenological mode is implemented within a Python code, 

which is available from https://github.com/avshytov/MANNGA-Spin-Wave-Scattering.  Expectedly, 

the code runs drastically faster and has a reduced memory footprint as compared to full 

micromagnetic simulations.  However, full exploration of the parameter space captured by the model 

still represents a challenge, with some examples shown in the next section.  

4. Examples of using the phenomenological model. 

To illustrate the use of the model, we apply to the magnonic NAND gate based on a resonator with a 

transmission characteristic shown in Fig. 5. Based on this, we can choose a working frequency () and 

specific logic threshold values, e.g. 0.0 < LOW < 0.035, 0.045 < HIGH <0.08.  Requiring that both the 

https://github.com/avshytov/MANNGA-Spin-Wave-Scattering
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inputs and the output of the device adhere to these definitions, we define a performance metric 

(‘ANTI-SCORE’) by calculating the area (number of discrete points) in which the output fails to be 

within the expected limits, i.e. is invalid.  So, the smaller is the metric, the better performance of the 

gate.  The optimisation is then performed via differential evolution, with complex weights, and 

examples of the results are shown in the following sections. 

 

Figure 5.  The signal transmitted by a resonator used in the calculations is shown for different 

frequencies of the incident SW, stated in arbitrary units.  The frequency of 𝜔 = 1.001 is used in the 

subsequent analysis.  

4.1 Optimisation of a NAND gate. 

We begin by showing results of optimisation for a magnonic NAND gate.  Figure 6 is obtained under 

assumption of equal weight for the logic inputs, 𝑤𝐴 = 𝑤𝐵 .  We see that the output depends on the 

combination 𝑤𝐴𝐼𝐴 +𝑤𝐵𝐼𝐵 and the output plot has a diagonal character, preventing us from obtaining 

an ANTI-SCORE smaller than 588 (out of 10,000).  So, Figure 6 tests an assumption of orthogonal 

phases of the logic inputs, 𝑖𝑤𝐴 = 𝑤𝐵 .  We see that the “diagonality” is suppressed, and the ANTI-

SCORE is reduced to 472. 
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Figure 6.  Result of optimisation of the NAND gate for the case of identical input weights.  

 

 

Figure 7.  Result of optimisation of the NAND gate for the case of input weights phase-shifted by 90°. 

4.2 Optimisation of an AND gate. 

Figure 8 presents results of optimisation for an AND gate for the case of identical input weights.  The 

result is noticeably worse than that for the NAND gate and cannot be improved by assuming phase-

shifted input weights.  
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Figure 8.  Result of optimisation of the AND gate for the case of identical input weights. 

4.3 Optimisation of a NOR gate. 

Figure 9 presents results of optimisation for an NOR gate for the case of identical input weights.  Again, 

the result is noticeably worse than that for the NAND gate and cannot be improved by assuming phase-

shifted input weights.  

 

Figure 9.  Result of optimisation of the NOR gate for the case of identical input weights.  

5. Examples of full micromagnetic modelling. 

Based on the results of the phenomenological modelling, we have focused our full micromagnetic 

simulations on the NAND gate design from sub-section 4.1 and assuming magnetic parameters 

extracted from fitting the experimental data acquired from the best MFPR produced previously. The 

results are presented below, along with those for a corresponding AND gate.  
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5.1 Micromagnetic modelling of a NAND gate. 

The best (so far) results for a magnonic NAND gate are shown in Fig. 10 with the corresponding values 

of the logic level thresholds. A reasonable performance is observed, especially considering that these 

computationally heavy calculations do not allow one to use advanced optimisation tools.  

 

Figure 10.  Results of full micromagnetic modelling for a magnonic NAND gate based on the MFPR 

experimentally implemented previously and data from which were used in validation of the 

phenomenological model in deliverable D2.3.  

5.2 Micromagnetic modelling of an AND gate.  

For a comparison, we show in Fig. 11 results of full micromagnetic modelling for an AND gate built 

upon the same MFPR as that used in Fig. 10. Again, a reasonable performance is observed. 
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Figure 11.  Results of full micromagnetic modelling for a magnonic AND gate based on the MFPR 

experimentally implemented previously and data from which were used in validation of the 

phenomenological model in deliverable D2.3.  

6. Final remarks 

In summary, we have designed a series of CMLG based on single CMRs or MFPRs and developed a 

phenomenological model that can be used for their optimisation.  The best results are obtained for a 

magnonic NAND gate, which were further confirmed by full-scale micromagnetic simulations for a 

designed based on a realistic MFPR. Further optimisation of the designs will be done once feedback 

from their experimental implementation will be obtained. 
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