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𝑃𝑃 𝐴𝐴 𝐺𝐺 = 𝑃𝑃 𝐺𝐺 𝐴𝐴
Minimal knowledge of prior probability:

𝑃𝑃 𝐺𝐺 𝐴𝐴 ∝ 𝑒𝑒−
𝜒𝜒2
2

Likelihood:

�𝐺𝐺 𝜏𝜏 = ∫ 𝑑𝑑𝑑𝑑𝑑𝑑 𝜏𝜏,𝑑𝑑 𝐴𝐴(𝑑𝑑)

𝜒𝜒2 =
1
𝑁𝑁
�
𝑖𝑖

�𝐺𝐺𝑖𝑖 − 𝐺𝐺𝑖𝑖
2

𝜎𝜎2

𝐴𝐴𝑖𝑖 → 𝜒𝜒𝑖𝑖2
Algorithm:

𝐴𝐴
𝑖𝑖+12

= 𝐴𝐴𝑖𝑖 + 𝜆𝜆𝑖𝑖 → 𝜒𝜒
𝑖𝑖+12

2

𝜒𝜒
𝑖𝑖+12

2 ≤ 𝜒𝜒𝑖𝑖2 → 𝐴𝐴𝑖𝑖+1 = 𝐴𝐴
𝑖𝑖+12

𝜒𝜒
𝑖𝑖+12

2 > 𝜒𝜒𝑖𝑖2 → 𝐴𝐴𝑖𝑖+1 = 𝐴𝐴𝑖𝑖

Bao et al. DOI: 10.1103/PhysRevB.94.125149



FESOM example

𝐴𝐴𝑖𝑖



FESOM example

�𝐺𝐺𝐴𝐴𝑖𝑖



FESOM example

�𝐺𝐺

𝜒𝜒𝑖𝑖2 = 5.53

𝐴𝐴𝑖𝑖



FESOM example

𝐴𝐴𝑖𝑖+1/2



FESOM example

�𝐺𝐺𝐴𝐴𝑖𝑖+1/2



FESOM example

�𝐺𝐺𝐴𝐴𝑖𝑖+1/2

𝜒𝜒𝑖𝑖+1/2
2 = 5.25



FESOM example

�𝐺𝐺𝐴𝐴𝑖𝑖+1/2

𝜒𝜒𝑖𝑖+1/2
2 = 5.25



• Inspired by GIFT
• Evolutionary algorithm

• Population of individuals
• Genome ⟶𝐴𝐴 𝑑𝑑𝑖𝑖
• Mutations ⟶ vector differences
• Fitness ⟶𝑓𝑓 𝐴𝐴;𝜒𝜒2, 𝑑𝑑𝑘𝑘

• Rejection ⟶ keep most fit

Differential Evolution for Analytic Continuation (DEAC)

Vitali et al. DOI: 10.1103/PhysRevB.82.174510
Storn and Price DOI: 10.1023/A:1008202821328



DEAC Population

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4



DEAC Mutation
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DEAC Mutation
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DEAC Mutation

�̃�𝐴 𝑑𝑑𝑖𝑖



DEAC Mutation

𝑈𝑈 0,1 < 𝐶𝐶

�̃�𝐴 𝑑𝑑𝑖𝑖



+ 𝐹𝐹 × −

DEAC Mutation

�̃�𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖

𝑈𝑈 0,1 < 𝐶𝐶
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DEAC Mutation
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+ 𝐹𝐹 × −

DEAC Mutation
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𝑈𝑈 0,1 ≥ 𝐶𝐶

= 𝑓𝑓 �̃�𝐴 < 𝑓𝑓 𝐴𝐴



+ 𝐹𝐹 × −

DEAC Mutation
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𝑈𝑈 0,1 < 𝐶𝐶

=

�̃�𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖

𝑈𝑈 0,1 ≥ 𝐶𝐶

= 𝑓𝑓 �̃�𝐴 < 𝑓𝑓 𝐴𝐴



+ 𝐹𝐹 × −

DEAC Mutation

�̃�𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖

𝑈𝑈 0,1 < 𝐶𝐶

=

�̃�𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖

𝑈𝑈 0,1 ≥ 𝐶𝐶

= 𝑓𝑓 �̃�𝐴 < 𝑓𝑓 𝐴𝐴



+ 𝐹𝐹 × −

DEAC Mutation

�̃�𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖

𝑈𝑈 0,1 < 𝐶𝐶

=

�̃�𝐴 𝑑𝑑𝑖𝑖 𝐴𝐴 𝑑𝑑𝑖𝑖

𝑈𝑈 0,1 ≥ 𝐶𝐶

= 𝑓𝑓 �̃�𝐴 < 𝑓𝑓 𝐴𝐴



DEAC Population

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4 𝐹𝐹 𝐶𝐶

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4 𝐹𝐹 𝐶𝐶

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4 𝐹𝐹 𝐶𝐶

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4 𝐹𝐹 𝐶𝐶

𝐴𝐴 𝑑𝑑0 𝐴𝐴 𝑑𝑑1 𝐴𝐴 𝑑𝑑2 𝐴𝐴 𝑑𝑑3 𝐴𝐴 𝑑𝑑4 𝐹𝐹 𝐶𝐶

Qin and Suganthan DOI: 10.1109/CEC.2005.1554904



How do the three methods compare?



Method 𝝌𝝌𝟐𝟐

MEM 3.5 × 10−4

FESOM 5.2 × 10−5

DEAC 8.6 × 10−6



Method 𝝌𝝌𝟐𝟐

MEM 9.3 × 10−5

FESOM 6.0 × 10−5

DEAC 8.9 × 10−5





Future Work

• Use DEAC on new qmc data
• Port code to gpu

nscottnichols
DelMaestroGroup
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