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The gamma-graphyne nanoribbons (γ-GYNRs) incorporating diamond-shaped segment (DSSs) with excellent ther-
moelectric properties are systematically investigated by combining nonequilibrium Green’s functions with adaptive genetic
algorithm. Our calculations show that the adaptive genetic algorithm is efficient and accurate in the process of identifying
structures with excellent thermoelectric performance. In multiple rounds, an average of 476 candidates (only 2.88% of all
16512 candidate structures) are calculated to obtain the structures with extremely high thermoelectric conversion efficiency.
The room temperature thermoelectric figure of merit (ZT ) of the optimal γ-GYNR incorporating DSSs is 1.622, which is
about 5.4 times higher than that of pristine γ-GYNR (length 23.693 nm and width 2.660 nm). The significant improvement
of thermoelectric performance of the optimal γ-GYNR is mainly attributed to the maximum balance of inhibition of thermal
conductance (proactive effect) and reduction of thermal power factor (side effect). Moreover, through exploration of the
main variables affecting the genetic algorithm, it is revealed that the efficiency of the genetic algorithm can be improved by
optimizing the initial population gene pool, selecting a higher individual retention rate and a lower mutation rate. The re-
sults presented in this paper validate the effectiveness of genetic algorithm in accelerating the exploration of γ-GYNRs with
high thermoelectric conversion efficiency, and could provide a new development solution for carbon-based thermoelectric
materials.

Keywords: adaptive genetic algorithm, thermoelectric material, diamond-like quantum dots, gamma-graphyne
nanoribbon
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1. Introduction

Thermoelectric conversion, which could convert heat and
electricity directly and reversibly, is a promising renewable
technology for generating electricity and improving solid-
state refrigeration by recovering waste heat (e.g., vehicle
exhaust, exhaust gas from factory boilers).[1] Thermoelec-
tric technology is one of the most potential candidates for
new generation energy conversion, which could recover waste
heat from energy consumption (e.g., automobile exhaust, ex-
haust gas from factory boilers) to available electricity.[2,3]

For maximizing the thermoelectric performance, the mate-
rial should host low thermal conductivity (κe + κph), high
electrical conductivity (σ), and large Seebeck coefficient
(S).[4] The thermoelectric conversion efficiency could be eval-
uated by a dimensionless thermoelectric figure of merit (ZT ):
ZT = σS2T/(κe + κph). Because these parameters are cou-
pled with each other, there encounter enormous difficulties
in the process of exploring materials with high thermoelec-
tric conversion efficiency.[5,6] Previously, traditional meth-

ods could improve the ZT values of materials by introduc-
tion of nanostructures,[7] defect engineering,[8] constructing
quantum-well superlattice structures,[9] mixing with cement to
make composite materials.[10–12] These methods indeed have
made some progress in improving the thermoelectric conver-
sion efficiency of materials. Nevertheless, these methods are
generally based on random exploration pattern, and the cost of
manpower and materials (or computational resources) is enor-
mous during searching for a target structure with ideal thermo-
electric performance. Therefore, it is particularly urgent and
important to develop new technologies to solve these bottle-
neck problems.

In recent years, machine learning has attracted
widespread attention in material design and prediction due to
its advantages of accuracy, automation, rapidity, customizabil-
ity, and scale;[10] for instance, employing Bayesian optimiza-
tion to prediction of low-thermal-conductivity compounds,[13]

using support vector machine, decision tree, random forest
and gradient lifting decision tree to instruct single crystal
growth[14] and sampling the equilibrium state of a multi-body
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system with deep learning.[15] The genetic algorithm appeared
and adopted earlier, and its unique advantage is that it avoids
the derivation process of the objective function value and can
perform group search. It has been successfully applied in the
structural design of thermoelectric materials based on ma-
chine learning.[16,17] Additionally, the algorithm is based on
probabilistic rules combined with other techniques like neural
network,[18] simulated annealing,[19] conjugate gradient,[20]

making the search more flexible, scalable and applicable.[21]

Genetic algorithm also has played a unique role in the field of
thermoelectrics, e.g., exploring the hot-extruded process,[22]

optimizing the thermoelectric generator,[17] searching stable
structures,[23] planar torsional deformation.[24] Adaptive ge-
netic algorithm improves on the basis of the classical genetic
algorithm, and it has been continuously developed in recent
years. The adaptive genetic algorithm could adjust the param-
eters according to the population to maintain the population
diversity while ensuring the convergence of the algorithm,
which is expected to demonstrate ground-breaking advances
in the field of materials informatics.

Graphyne is one of the hottest points in the field of car-
bon nanomaterials research because of its unique structure,
excellent optical and mechanical properties.[25–28] Such two-
dimensional (2D) carbon structure constructed from both sp
and sp2 hybridized carbon atoms was firstly predicted by
Baughman et al. as early as 1987.[29,30] In 2010 by using the
coupling reaction under the catalysis of copper sheets, Li et al.
successfully prepared large graphyne thin films.[25] After that,
a variety production methods of graphyne have emerged.[31,32]

Meanwhile, graphyne was also reported to host high See-
beck coefficient,[33] low thermal conductivity,[34] high carrier
mobility,[35–37] and excellent thermal stability.[38–40] These
natural advantages endow graphyne with great potential in the
field of thermoelectric conversion.[34] Graphyne provides an
ideal platform for the research of thermoelectric materials.

Motivated from the above description, taken gamma-
graphyne nanoribbon (γ-GYNR) incorporating diamond-
shaped segments (DSSs) as an example, the exploration of
such structure with the excellent thermoelectric conversion ef-
ficiency is performed by using the adaptive genetic algorithm
combined with nonequilibrium Green’s functions method.
The calculations show that genetic algorithm could efficiently
identify the configuration with excellent thermoelectric con-
version properties (the average number of times to obtain such
structure with ZT greater than 99% ZmaxT is 476, only account
for the 2.88% of all structures). Moreover, the initial popula-
tion gene pool, mutation rate, and individual retention rate are
analyzed as well for modulating the optimization efficiency
of the genetic algorithm. The paper is organized as follows.
In Section 2, the structure of γ-GYNR incorporating DSSs is
briefly introduced, as well as the methods used for research

(basic content of genetic algorithm and calculation method
of ZT ). Section 3 verifies the effectiveness of the adaptive
genetic algorithm optimization, systematically introduces the
optimization results of the algorithm. Simultaneously, the ef-
fects of different parameters in the adaptive genetic algorithm
are briefly analyzed and the physical mechanism of the excel-
lent thermoelectric performance of the structure is analyzed.
Finally, the above general work content is summed up.

2. Model and methods
The schematic of γ-GYNR incorporating DSSs is shown

in Fig. 1. The system consists of two semi-infinite γ-GYNRs
as leads and a central region with DSSs. In order to avoid the
interaction between the leads and central region, buffer layers
(2 unit cells) are set on both sides of the central region. Tak-
ing the diamond-shaped segment unit as “0” and the nanorib-
bons segment as “1”, the diamond-shaped segment system can
be converted into a binary code. According to this descrip-
tion method, the structure presented in Fig. 1 can be converted
into binary codes [000110]. In our calculation, the diamond-
shaped segment system with 15 units is studied, and the total
number of candidate structures is 16512 (after considering the
symmetry).

Genetic algorithm is an effective method based on Dar-
win’s theory of biological evolution to simulate the natural
evolution process for finding the optimal solution.[29] In order
to facilitate the optimization, Geatpy[41] (a high-performance
and practical evolutionary algorithm toolkit) is utilized to set
up operators and participate in the construction of the basic
framework of genetic algorithm. Adaptive genetic algorithm
is a commonly used hybrid algorithm that adjusts its own pa-
rameters and makes it easier to jump out of local optimum.[42]

Adaptive genetic algorithm has many applications in con-
densed matter field, such as crystal structure prediction,[43]

and identifying a topological allotrope.[44] In this paper, the
conventional mutation operator is changed into an adaptive
mutation operator.

Figure 2 describe the flow chart for designing γ-GYNRs
containing DSSs with excellent thermoelectric conversion ef-
ficiency using a combination of genetic algorithm. The frame-
work of genetic algorithm in this paper is as follows. Initially,
the random optimization method is used to combine a certain
number of 15-bit binary codes randomly generated to obtain
the first generation. The ZT values of these structures are cal-
culated as the initial fitness function values. Then, the roulette
wheel selection method is used as the selection method, and
two-point cross recombination processing and mubin function
(binary mutation operator) are used for mutation processing
by means of the recombination function. The new offspring
will be obtained as the parent to continue the natural selection
until the desired target structure appears.
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Left lead Right lead
Center region

Fig. 1. The schematic diagram of the atomic structure of a γ-GYNR incorporating the diamond-shaped segments. The binary flags are selected
as the descriptors: “1” and “0” for the nanoribbons segment and the diamond unit, respectively, and thus, the set of the descriptors for the
example system is defined as [000110].
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Fig. 2. Schematic design of γ-GYNRs incorporating DSSs with optimal thermoelectric conversion efficiency using a combination of genetic
algorithm and nonequilibrium Green’s function.

The adaptive process in this paper is to adjust the muta-
tion rate according to the population’s dissimilarity. The dis-
similarity of two individuals is calculated as follows:

f (a,b) =
l−1

∑
j=0

a j⊕b j, (1)

where l is the chromosome length, a j is the jth gene on indi-
vidual a chromosome, and b j is the jth gene on individual b
chromosome. The dissimilarity of population is given by

di =

N
∑

i=0

N
∑

k=0,k 6=i
f (ai,bk)

(N−1)× (N−1)× l
×100%, (2)

where N is the total number of individuals in the population,

l is the length of individual chromosome. The greater the dis-
similarity of a population, the better the diversity of the pop-
ulation and the richer the gene pool. Therefore, when the
dissimilarity of population becomes small, the mutation rate
should be increased to compensate for the evolutionary slow-
down caused by the monotony of the gene pool. This adap-
tive genetic algorithm adjusts the mutation rate mainly accord-
ing to the dissimilarity, which is 0.1 when the dissimilarity is
greater than 0.16 and 0.2 when the dissimilarity is less than
0.16. The crossover rate is about 0.8, which is fine-tuned up
or down in actual use.

In this process, the non-equilibrium Green’s function
is utilized to calculate the thermoelectric conversion effi-
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ciency of γ-GYNRs incorporating DSSs, the calculation pro-
cess is as follows.[5,45] Firstly, the free and open-source soft-
ware GULP (General Utility Lattice Program)[46,47] with the
second-generation reactive empirical bond order potential is
employed to perform structural optimization on the whole can-
didate structures. Then, using the nearest-neighbor π-orbital
tight-binding (TB) model, a Hamiltonian is constructed to cal-
culate the transport properties of electrons. Based on the above
model, the Hamiltonian matrix is written as

Gr(E) =
[
(E + i0+)I−HC−Σ

r
L−Σ

r
R

]−1

, (3)

where E present the energy of electrons, I is the identity
matrix, HC present the Hamiltonian in the central region,
Σ r

L(R)(E) = HCL(R)gr
L(R)HL(R)C present the self-energy of the

electronic left or right lead.
The Lorentzian function can be used to solve the thermal

conductivity σ contributed by the electron, the Seebeck coef-
ficient S of the electron, the power factor P, and the thermal
conductivity κe contributed by the electron, the formula is as
follows:

Ln(u,T ) =
2
h

∫ +∞

−∞

(E−u)n
[
−∂ fe(E,u,T )

∂E

]
Te[E]dE, (4)

here, fe(E,u,T ) represents the Fermi–Dirac distribution at
chemical potential µ and temperature T , and Te[E] is the elec-
tron transport coefficient. The solution of the electron trans-
port coefficient is a necessary step to calculate the Lorentz
function. The calculation formula is

Te[E] = Tr{Gr(E)ΓLGa(E)ΓR} , (5)

where ΓL(R) = i
[
Σ r

L(R)(E)−Σ a
L(R)(E)

]
represents the cou-

pling function between the central region and left lead (right
lead), Ga(E) = Gr(E)†.

The thermal conductivity contributed by the electron, the
Seebeck coefficient S of the electron, the power factor P, and
the thermal conductivity contributed by the electron are calcu-
lated as follows:

σ(u) = e2L0(u,T ), (6)

S(u) =
1

eT
L1(u,T )
L0(u,T )

, (7)

P(u,T ) = S(u,T )2 ·σ(u,T ), (8)

κe(u) =
1
T

[
L2(u,T )−

L1(u,T )2

L0(u,T )

]
. (9)

The thermal conductivity of phonons is calculated in the sim-
ilar way as electrons, the phononic retarded Green’s function
is

Gr(ω) =

[
(ω + i0+)I−KC−Σ

r
L−Σ

r
R

]−1

, (10)

the phonon transmission coefficient the lattice contribution to
the thermal conductance κp(T ) is defined as

Tp[ω] = Tr{Gr(ω)ΓLGa(ω)ΓR} , (11)

κp(T ) =
}

2π

∫
∞

0
Tp(ω)ω

∂ fp(ω)

∂T
dω, (12)

here, fp(ω) represents the Bose–Einstein distribution function
obeyed by phonons. Ultimately, by obtaining the above phys-
ical quantities, the thermoelectric conversion efficiency of the
structure can be calculated by

ZT =
σS2

κe +κp
T. (13)

3. Results and discussion
In this work, the γ-GYNRs incorporating DSSs (15 struc-

tural units) provide 16512 samples (considering symmetry) for
the adaptive genetic algorithm to optimize the thermoelectric
performance. To measure the stability of the algorithm, 10
rounds of calculations with different initial pools (all are ran-
domly generated and optimized for combination) are executed
to perform statistical averaging. In the meantime, to effec-
tively measure the algorithm efficiency, in this work we define
the ZT greater than 99% ZmaxT as ZT ex. In the initial gen-
eration, 180 structures are randomly selected, and the 20 in-
dividuals with the highest ZT values among them are chosen
to form the first generation population. From Fig. 3, it can
be clearly seen that within 1000 calculations (in the range of
200–900), the genetic algorithm can accurately find the struc-
ture with excellent thermoelectric conversion efficiency. Even
in the worst round of optimization, only 890 calculations are
needed to find the excellent structure accurately (only 5.40%
of all 16512 candidate structures). In order to verify whether
the results obtained by genetics match the actual ones, the ZT
values of all candidate structures (16512) are computed in this
paper. The results verify that the actual individuals with ZTex

are consistent with the individuals with ZTex obtained by the
genetic algorithm. There are three individuals with ZTex, the
sets of binary structure descriptors are [010011000000111],
[000010011110010], and [000000011110010]. The corre-
sponding thermoelectric preferences are up to 1.622, 1.617,
and 1.616 at room temperature, which are about 5.4 times
higher than that of the original γ-GYNR (about 0.301). Addi-
tionally, the genetic algorithm optimization obtained other 28
potential candidate structures (structures with ZT higher than
95% ZmaxT , the corresponding binary structure descriptors are
provided in the supplemental materials Section S2).

Taking the worst round of optimization process as an ex-
ample, we exhibit the evolutionary process of thermoelectric
conversion performance for each generation of samples, as
shown in the inset of Fig. 3. It can be seen that the average of
population’s ZT has been continuously rising in each round,
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and its rate of increase gradually slows down as the number of
genetic generations increases. Meanwhile, the density closer
to the ZmaxT is much greater than those farther away, and the
ZT values of most individuals in the population are gradually
approaching the optimal values. Furthermore, it can be found
that new individuals with lower ZT continues to appear dur-
ing the evolutionary process, which could keep the population
genetic diversity.
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Fig. 3. The 10 rounds of optimization with different initial choices of
structure candidates (above the dotted line is ZTex). The inset shows the
scatter diagram of individual ZT composition for each unit as a refer-
ence (each unit contains 5 generations).

In order to illustrate the superiority of the adaptive ge-
netic algorithm, the comparison between the computational
results from the genetic algorithm (worst round of optimiza-
tion) and random optimization is performed and the results are
presented in Fig. 4(a). From the figure, one can note that the
high-density region of the genetic algorithm is mainly scat-
tered in the range of ZT from 1.1 to 1.4 (with an average high-
light line with ZT about 1.3). The high-density region of the
random optimization, however, is concentrated in a straight
line with ZT about 1.1, obviously lower than the optimization
results of the genetic algorithm. In order to analyze the over-
all distribution of ZT values for all individuals more clearly, a
histogram of the frequency distribution of structural ZT values
is provided in Fig. 4(c). It is clear that the ZT values obtained
by the genetic algorithm are mainly distributed in the range of
1.105–1.435 (accounting for 75.9% of all individuals), with a
median value of 1.255. While the ZT obtained by random op-
timization are mainly distributed in the range of 1.055–1.345
(accounting for 77.0% of all individuals), with a median value
of 1.189. These results demonstrate the superiority of the ge-
netic algorithm over the random optimization. Figure 4(d) de-
picts the NGA/NRand obtained from ten sets of rounds with five
typical regions of ZT ≥ 75% ZmaxT , 80% ZmaxT , 85% ZmaxT ,
90% ZmaxT , and 95% ZmaxT , here NGA and NRand respectively
denote the number structure candidates with specified ZT for
the cases of genetic algorithm optimization and random opti-
mization. As shown in Fig. 4(d), all the values of NGA/NRand

are larger than 1, indicating the genetic algorithm optimization
is more effective and accurate than random optimization in all
these 5 intervals. Furthermore, it can be seen that NGA/NRand

is significantly bigger than 1 in 90% ZmaxT and 95% ZmaxT
and even up to 15, which suggests the genetic algorithm hold-
ing a significant advantage in obtaining the ZT in these two
intervals. According to the results presented in both Figs. 3
and 4, one can conclude that the genetic algorithm optimiza-
tion indeed possesses the robustness and usefulness in deter-
mining the structures with excellent thermoelectric conversion
performance among all structures.

For revealing the physical mechanism behind the high
thermoelectric conversion efficiency of γ-GYNR incorpo-
rating DSSs (length 23.693 nm and width 2.660 nm), we
perform analysis on the thermoelectric transport properties.
Here, we mainly focus on four configurations, i.e., pris-
tine γ-GYNR, two periodic γ-GYNR incorporating diamond-
shaped segment, and optimal structure (two periodic γ-GYNR
incorporating DSSs and optimal structure descriptors are
respectively [000000000000000], [111111111111111], and
[010011000000111]). As shown in Fig. 5(a), when the
diamond-shaped segments are introduced into γ-GYNR, the
electron transmission platform is destroyed, resulting in sup-
pressed electron conductivity. The suppression of the elec-
tron transport arises from the electron scattering from the γ-
graphyne diamond-shaped segment and the interface region
in the diamond-shaped segment system. Meanwhile, it can
be seen from Fig. 5(b) the maintenance of the band gap near
the Fermi level and the emergence of new band gaps allow
the Seebeck coefficient of γ-GYNR incorporating DSSs to be
preserved and even slightly increased. That is to say, better
thermoelectric properties can be obtained in more chemical
potential regions for the γ-GYNR incorporating DSSs. From
Fig. 5(c), one can note that the electronic thermal conductiv-
ity of the diamond-shaped segment system is significantly re-
duced as well with respect to the pristine case, and this result
can also be explained from the fact that the thermal conduc-
tivity of electron contribution is proportional to the electron
conductivity. To sum up the above, after introducing DSSs,
the Seebeck coefficient of γ-GYNR increases, while the elec-
tronic conductance is decreased, accordingly a new physical
quantity is needed to measure the situation. Thermal power
factor is the product of the square of the Seebeck coefficient
and the electronic conductance. As can be seen from Fig. 5(d),
the thermal power factor is decreased compared to the pristine
γ-GYNR. However, the decrease in the power factor of the
optimal structure is not significant. At the same time, consid-
ering the electron-contributed thermal conductance is reduced
as well, a maximum balance is needed to obtain a high ZT .
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Fig. 5. At room temperature, the comparison of electronic transport properties of pristine γ-GYNR, two periodic γ-GYNR incorporating DSSs (struc-
ture descriptors: [000000000000000] and [111111111111111]) and optimal γ-GYNR incorporating DSSs (structure descriptor: [010011000000111]):
(a) electronic conductance, (b) Seebeck coefficient, (c) electron-contributed thermal conductance, and (d) thermal power factor.

The phononic transport properties are also calculated for

the above four structures, and the results are plotted in Fig. 6.

Firstly, Fig. 6(a) depicts the phononic thermal conductivity

of the four structures, and it is obviously that the introduc-

tion of the diamond-shaped segment will result in signifi-

cant reduction of phononic thermal conductivity at all tem-

peratures. At room temperature, the thermal conductivity of

pristine γ-GYNR is 1.509 nW/K, which is much higher than

that of the other three structures with diamond-shaped seg-

ment (0.438 nW/K, 0.322 nW/K, and 0.173 nW/K for the

three structures of [000000000000000], [111111111111111],

and [010011000000111], respectively), which plays a posi-
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tive effect on improving the thermoelectric conversion effi-
ciency. Similarly, one can see from Fig. 6(b) that the re-
duction in thermal conductivity is also reflected in phonon
transport, where the phonon transport coefficients of pristine
γ-GYNR show a clear quantization platform, which de-note
the available transport channel for phonons. After introducing
DSSs, phonon transport through the diamond-shaped segment
encounters strong scattering and the quantitative platform is
broken, giving rise to the suppressed phonon transport in the
entire frequency range. To analyze the phonon transport more
clearly, the phonon local density of states is calculated, and
the results are depicted in Figs. 6(c)–6(e). For pristine γ-

GYNR, the phonon states are uniformly distributed indicat-
ing that phonons can be successfully transported through the
nanoribbon without any scattering. Figures 6(c) and 6(e) show
the phonon local density of states of the periodic structure,
where the uniform phonon states in the pristine γ-GYNR are
disrupted due to scattering caused by the introduction of the
diamond-shaped segment. However, some phonon channels
could still be partially preserved. As for the optimal struc-
ture, one can find from Fig. 6(d) that the phonons are heavily
blocked and scattered, and thus leading to a great suppression
of phonon transport and a significant reduction of phononic
thermal conductivity.
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Fig. 6. The comparison of phononic transport properties of pristine γ-GYNR, two periodic γ-GYNR incorporating DSSs (structure descrip-
tors: [000000000000000] and [111111111111111]) and optimal γ-GYNR incorporating DSSs (structure descriptor: [010011000000111]):
(a) phonon-contributed thermal conductance, (b) phonon transmission coefficient, and (c)–(e) the phonon local density of states at three typical
frequencies of 144.2 cm−1, 216.3 cm−1, and 397.6 cm−1.

Based on the results presented in Figs. 5 and 6, one can
conclude that the combined effect of the retained high See-
beck coefficient and largely suppressed phononic thermal con-
ductivity finally lead to the boost of the thermoelectric perfor-
mance of γ-GYNR incorporating DSSs. It is worth mention-
ing that the thermal power factor and thermal conductivity are
coupled to each other based on the Mott’s equation. Therefore,
it is difficult to directly find the balance between these two
variables only from the analysis of physical principles. How-
ever, genetic algorithm could solve such challenge by analyz-
ing the correlation of the data, which significantly accelerates
the structural optimization of the γ-GYNR.

Subsequently, we further analyze the key factors that af-

fect the efficiency of teh genetic algorithm. In the optimiza-

tion process, the following factors are need to adjust, e.g., the

initial population gene pool, mutation rate, crossover rate, in-

dividual retention ratio, and number of individuals in the pop-

ulation. In this work, we mainly focus on the three key factors

of the initial population gene pool, mutation rate, and individ-
ual retention ratio. In Fig. 7(a), the effect of the individual
initial gene pool on the efficiency of the genetic algorithm is
illustrated firstly. One can note that after the initial optimiza-
tion of the initial individual gene pool (cyan bubble), the final
optimized individual thermoelectric conversion efficiency is
higher than 1.56 in all the cases, and the average ZT of the final
genetic group is larger (indicated by the bubble area). Such re-
sult indicates that the individual initial gene pool optimization
is beneficial to the evolution of the genetic algorithm. The mu-
tation rate is investigated following, and the maxima ZT and
dissimilarity of the final population are depicted in Figs. 7(b)
and 7(c). It can be seen that in the process of adaptive ge-
netic algorithm, individuals with ZT maxima less than 1.44 all
have larger mutation rates, and the ZT maxima are generally
greater than 1.46 when the mutation rate is 1%, 5%, and 10%.
From Fig. 7(c), it can be found that the higher mutation rate,
the greater evolved population’s dissimilarity, i.e., the richer
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genetic diversity. It is concluded that the mutation rate above
a certain value will slow down the evolution of the population
due to the high rate of loss of quality genes. From Fig. 7(d),
one can find that when the retention rate is higher, the final av-
erage value of ZT is larger. However, after reaching a certain
region, the retention ratio plays a minimal effect on the final
ZT maximum obtained. In order to improve the efficiency of
the genetic algorithm, we should perform initial optimization
so that the original population genes remain high quality, and
set a low mutation rate and high individual retention rate to
retain the high quality genes.

For structures with different cell numbers, the efficiency
of the genetic algorithm will be different. From the results pre-
sented in Fig. S2 of supplemental materials, one can find that
as for the small system, the genetic algorithm does not pos-
sess superiority on identifying structures with excellent ther-
moelectric performance. That is to say, the larger the system
the stronger the algorithm. To confirm the generalizability
of the genetic algorithm, we chose defect gamma-graphyne
nanoribbons for testing and the efficiency remained satisfac-
tory. Test details are provided in the supplemental materials
Section S3.
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Fig. 7. (a) Maxima ZT and ZT average of populations after 800 calculations for different initial populations (cyan represents the initial
optimization round, and pink represents the initial random round). (b) and (c) Maxima ZT and dissimilarity of populations after 500 calculations
for different mutation rates (10 rounds each). (d) Maxima ZT and ZT average after 800 calculations for different retention ratios.

4. Conclusions
In summary, by means of nonequilibrium Green’s func-

tion and adaptive genetic algorithm, we explore the optimal γ-
GYNR incorporating DSSs with excellent thermoelectric con-
version efficiency. The efficiency of optimization by genetic
algorithm optimization far exceeds that of random optimiza-
tion, even in the worst round, the average ZT after 1000 cal-
culations is 1.251, which is obviously greater than the ran-
dom optimization of 1.189. In the case of genetic algorithm
optimization and random optimization, the number of struc-
tural individuals larger than a given ZT is greater than 1 for
all groups in total rounds, and even reach more than 15 in the
95% ZmaxT case. At room temperature, the ZT of the optimal
γ-GYNR incorporating DSSs is calculated as high as 1.622,
which is 5.4 times higher than that of pristine γ-GYNR. The
high thermoelectric conversion efficiency of optimal γ-GYNR
incorporating DSSs is mainly attributed to the maximum bal-
ance between the side effect of thermal power factor attenu-

ation and the positive effect of thermal conductivity suppres-
sion. Additionally, we also investigate the effects of the initial
population gene pool, mutation rate, and individual retention
rate on the efficiency of the adaptive genetic algorithm. The re-
sults show that improving the quality of the initial population
gene pool could greatly improve the efficiency of the genetic
algorithm. Meanwhile, a higher individual retention rate and a
lower mutation rate should be used for genetic algorithm opti-
mization when the initial population is superior. The findings
presented in this paper confirm the genetic algorithm indeed
playing a viable role in the exploration of high thermoelec-
tric conversion materials, and could provide guidance for the
synthesis of nanocarbon-based thermoelectric devices. This
work is performed under the framework of harmonic approxi-
mation, which may be inaccurate to describe longer structures
(beyond the phonon mean free path). Therefore, we did not
consider the calculation of longer gamma-graphyne nanorib-
bon. What is valuable is that we can indeed find the optimal
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structure quickly and accurately using the adaptive genetic al-
gorithm, and we still have a lot of related work to do in the
future (for example, shape, width, doping, temperature of the
structure).
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