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7 exp: ϕ7(ti) = 2ti
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7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2
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total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti
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Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases
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[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋
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Instruction Set: +, -, *, /, %, E ∈ {0, 1}, m1 m2 m3∅m4∅m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise
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Instruction Set: +, -, *, /, %, E ∈ {0, 1}, m1 m2 m3∅m4∅m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
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ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement
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Instruction Set: +, -, ∅*, ∅/, ∅%, E ∈ {0, 1}, m1 m2 m3∅m4∅m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement

15 mul: ϕ15(ti) = ti,1 ∗ ti,2
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Instruction Set: +, -, ∅*, ∅/, ∅%, E ∈ {0, 1}, m1 m2 m3∅m4∅m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement

15 mul: ϕ15(ti) = ti,1 ∗ ti,2
16 qad: ϕ16(ti) = (ti − 1)(ti + 2)
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Instruction Set: +, -, ∅*, ∅/, ∅%, E ∈ {0, 1}, m1 m2 m3∅m4∅m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement

15 mul: ϕ15(ti) = ti,1 ∗ ti,2
16 qad: ϕ16(ti) = (ti − 1)(ti + 2)

17 mod: ϕ17(ti) = ti,1 mod ti,2
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Instruction Set: +, -, *, /, %, E ∈ {0, 1}, m1 m2 m3 m4 m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement

15 mul: ϕ15(ti) = ti,1 ∗ ti,2
16 qad: ϕ16(ti) = (ti − 1)(ti + 2)

17 mod: ϕ17(ti) = ti,1 mod ti,2

18 mi5: minimum of five
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Instruction Set: +, -, *, /, %, E ∈ {0, 1}, m1 m2 m3 m4 m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement

15 mul: ϕ15(ti) = ti,1 ∗ ti,2
16 qad: ϕ16(ti) = (ti − 1)(ti + 2)

17 mod: ϕ17(ti) = ti,1 mod ti,2

18 mi5: minimum of five

19 ma5: maximum of five
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Instruction Set: +, -, *, /, %, E ∈ {0, 1}, m1 m2 m3 m4 m5, =, ;, loop

Objective Function: f(x) = # training cases ti with ϕ(ti) 6= x(ti)
total number tc=100 of training cases

1 po2 [1]: ϕ1(ti) = t3i + t2i + 2 ∗ ti
2 su2

[1]: sum of first ti natural numbers

3 fac [1, 2]: ϕ3(ti) = ti!

4 po3, su3: po2, su2 with 3 memory cells

6 gcd [1, 3]: compute greatest common divisor

7 exp: ϕ7(ti) = 2ti

8 ℓ20: return 0 if ti < 20, 1 otherwise

9 prm: returns 1 if ti is prime, 0

10 ssq: ϕ10(ti) =
∑ti

i=1
i2

11 sra: ϕ11(ti) =
√
ti

12 srb: ϕ12(ti) =
⌊√

ti
⌋

13 ild: ld⋆(y) =
{

0 if ti ≤ 1
1 + ld⋆(ld(y)) otherwise

14 lsb: least significant bit in the two’s

complement

15 mul: ϕ15(ti) = ti,1 ∗ ti,2
16 qad: ϕ16(ti) = (ti − 1)(ti + 2)

17 mod: ϕ17(ti) = ti,1 mod ti,2

18 mi5: minimum of five

19 ma5: maximum of five

20 sm5: sum of five
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We test six different loop instructions

1 CL: execute loop body n times
2 ML: decrease memory cell in each iteration,

stop when 0 is reached
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1 CL: execute loop body n times
2 ML: decrease memory cell in each iteration,

stop when 0 is reached
3 WL: execute until expression becomes 0
4 CA: conditional “=” assignment, execute

program as long as variables change
5 IL: execute loop body (and program) as long

as variables change
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Loop Instructions

We test six different loop instructions

1 CL: execute loop body n times
2 ML: decrease memory cell in each iteration,

stop when 0 is reached
3 WL: execute until expression becomes 0
4 CA: conditional “=” assignment, execute

program as long as variables change
5 IL: execute loop body (and program) as long

as variables change
6 IC: IL ⊕ CA
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=⇒ epistasis!

Transactional Memory (TM) [4]

hierarchical TM: each control scope (;, loop) has

two memory records
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Program behavior depends on a) instructions and b) their order
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Transactional Memory (TM) [4]

hierarchical TM: each control scope (;, loop) has

two memory records

write memory: changes by write instruction =
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=⇒ epistasis!

Transactional Memory (TM) [4]

hierarchical TM: each control scope (;, loop) has

two memory records

write memory: changes by write instruction =

read memory: values returned by variable ac-

cess mi
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Program behavior depends on a) instructions and b) their order

=⇒ epistasis!

Transactional Memory (TM) [4]

hierarchical TM: each control scope (;, loop) has

two memory records

write memory: changes by write instruction =

read memory: values returned by variable ac-

cess mi

write memory is comitted at end of control scope
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hierarchical TM: each control scope (;, loop) has

two memory records

write memory: changes by write instruction =

read memory: values returned by variable ac-

cess mi

write memory is comitted to memory of parent

scope at end of control scope

Order of instructions becomes less important
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hierarchical TM: each control scope (;, loop) has

two memory records

write memory: changes by write instruction =

read memory: values returned by variable ac-

cess mi

write memory is comitted to memory of parent

scope at end of control scope

Order of instructions becomes less important

Can this reduce epistasis?
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cess mi
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Genetic Programming minimizes f

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?
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Fighting Deceptiveness: FFA

Genetic Programming minimizes f

. . . but: Is a program x1 that can solve 60% of the training cases
closer to a solution than a program x2 that can solve 10%?

Not necessarily
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. . . but: Is a program x1 that can solve 60% of the training cases
closer to a solution than a program x2 that can solve 10%?

Not necessarily: deceptiveness, many local optima
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Fighting Deceptiveness: FFA

Genetic Programming minimizes f

. . . but: Is a program x1 that can solve 60% of the training cases
closer to a solution than a program x2 that can solve 10%?

Not necessarily: deceptiveness, many local optima

But selection is very likely to prefer x1!
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Fighting Deceptiveness: FFA

Genetic Programming minimizes f

. . . but: Is a program x1 that can solve 60% of the training cases
closer to a solution than a program x2 that can solve 10%?

Not necessarily: deceptiveness, many local optima

But selection is very likely to prefer x1!

GP will sooner or later converge.
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Fighting Deceptiveness: FFA

Genetic Programming minimizes f

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]
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Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)
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Fighting Deceptiveness: FFA

Genetic Programming minimizes f

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible f values
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closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often

Evolving Exact Algorithms with GP, CEC @ WCCI, 2014-07-10, Beijing Thomas Weise · iao.hfuu.edu.cn · tweise@hfuu.edu.cn 10/27

http://iao.hfuu.edu.cn/
mailto:tweise@hfuu.edu.cn


Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often =⇒ not new
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often =⇒ not new =⇒ simple to discover
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often =⇒ not new =⇒ simple to discover

=⇒ uninteresting
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often =⇒ not new =⇒ simple to discover

=⇒ uninteresting

low H-value: behavior new
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often =⇒ not new =⇒ simple to discover

=⇒ uninteresting

low H-value: behavior new =⇒ program does something which may

be worth exploring
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Favour new behaviors instead of “good” ones

f defines behavioral semantics (to some degree)

tc training cases =⇒ tc+ 1 possible behaviors

Fitness H [f(x)]: How often has a given f value been encountered

during the GP process?

high H-value: behavior seen often =⇒ not new =⇒ simple to discover

=⇒ uninteresting

low H-value: behavior new =⇒ program does something which may

be worth exploring

H is a dynamic fitness function: behaviors get “worse” over time
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Fighting Deceptiveness: FFA

FFA-Genetic Programming minimizes H

. . . but: Is a program x1 that can solve 60% of the training cases

closer to a solution than a program x2 that can solve 10%?

Prevent convergence: Frequency Fitness Assignment (FFA) [5]

Can FFA improve exploration and fight deceptiveness?
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Experiments

On each of the new benchmarks, we tested
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Experiments

On each of the new benchmarks, we tested 6 setups

6 loop structures
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Experiments

On each of the new benchmarks, we tested 6 × 2 setups

6 loop structures

2 memory models
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Experiments

On each of the new benchmarks, we tested 6 × 2 × 2 = 24 setups

6 loop structures

2 memory models

2 fitness functions
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Experiments

On each of the new benchmarks, we tested 24 setups

6 loop structures

2 memory models

2 fitness functions for

100 runs each
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Experiments

On each of the new benchmarks, we tested 24 setups

6 loop structures

2 memory models

2 fitness functions for

100 runs each

population size 1000
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Experiments

On each of the new benchmarks, we tested 24 setups

6 loop structures

2 memory models

2 fitness functions for

100 runs each

population size 1000, 100 generations
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Experiments

On each of the new benchmarks, we tested 24 setups

6 loop structures

2 memory models

2 fitness functions for

100 runs each

population size 1000, 100 generations, tournament selection with 7

contestants
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Experiments

On each of the new benchmarks, we tested 24 setups

6 loop structures

2 memory models

2 fitness functions for

100 runs each

population size 1000, 100 generations, tournament selection with 7

contestants, 10% mutation
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Experiments

On each of the new benchmarks, we tested 24 setups

6 loop structures

2 memory models

2 fitness functions for

100 runs each

population size 1000, 100 generations, tournament selection with 7

contestants, 10% mutation, 90% crossover
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Results

48 000 runs
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Results

48 000 runs by only 5422 (11%) were successful.
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Results

48 000 runs by only 5422 (11%) were successful.

What factors contribute to success (or failure)?
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Results

48 000 runs by only 5422 (11%) were successful.

What factors contribute to success (or failure)?

Let’s look at the success rates. . .
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12

Evolving Exact Algorithms with GP, CEC @ WCCI, 2014-07-10, Beijing Thomas Weise · iao.hfuu.edu.cn · tweise@hfuu.edu.cn 14/27

http://iao.hfuu.edu.cn/
mailto:tweise@hfuu.edu.cn


Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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aggregated results:

with FFA (and f directly DIR)

with TM (and simple memory SM)
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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benchmarks

setups

aggregated results:

with FFA (and f directly DIR)

with TM (and simple memory SM)

aggregated results:

over benchmark instances

over setups

http://iao.hfuu.edu.cn/
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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FFA increases success rate

by 40%
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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FFA increases success rate

by 40%

TM decreases success rate

on 17 out of 20 benchmarks
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Best Setup: SM-FFA-ML
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Best Setup: SM-FFA-ML

Best loop structures: ML and CA

(16% success rate)
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Best Setup: SM-FFA-ML

Best loop structures: ML and CA

(16% success rate)

Worst loop structures: IL and WL
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Easiest problems: ℓ20, gcd, ma5
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Setup po2 su2 po3 su3 fac gcd exp ℓ20 prm ssq sra srb ild lsb mul qad mod mi5 ma5 sm5 All

DIR 0.10 0.10 0.05 0.05 0.07 0.29 0.03 0.66 0.00 0.02 0.06 0.00 0.03 0.01 0.12 0.01 0.03 0.10 0.13 0.06 0.10

FFA 0.18 0.11 0.09 0.07 0.13 0.41 0.03 0.86 0.01 0.01 0.08 0.02 0.02 0.01 0.17 0.09 0.05 0.20 0.24 0.07 0.14

SM 0.16 0.12 0.09 0.07 0.07 0.48 0.05 0.87 0.01 0.02 0.08 0.02 0.03 0.01 0.23 0.07 0.07 0.20 0.23 0.04 0.15

TM 0.12 0.09 0.05 0.05 0.13 0.22 0.00 0.65 0.00 0.01 0.06 0.00 0.02 0.01 0.06 0.04 0.01 0.09 0.14 0.09 0.09

SM-DIR-CL 0.14 0.03 0.04 0.01 0.01 0.37 0.20 0.93 0.00 0.00 0.01 0.00 0.00 0.00 0.44 0.07 0.22 0.04 0.07 0.11 0.13

SM-DIR-ML 0.18 0.66 0.08 0.32 0.27 0.36 0.11 0.70 0.00 0.21 0.03 0.00 0.01 0.00 0.63 0.01 0.13 0.00 0.00 0.04 0.19

SM-DIR-WL 0.11 0.00 0.08 0.00 0.00 0.42 0.00 0.51 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.07 0.06

SM-DIR-CA 0.11 0.00 0.08 0.00 0.00 0.55 0.00 0.93 0.01 0.00 0.14 0.01 0.13 0.03 0.00 0.00 0.00 0.40 0.50 0.00 0.14

SM-DIR-IL 0.09 0.01 0.11 0.01 0.00 0.10 0.00 0.81 0.00 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06

SM-DIR-IC 0.04 0.03 0.00 0.00 0.00 0.68 0.00 0.88 0.01 0.00 0.13 0.02 0.05 0.02 0.01 0.00 0.00 0.43 0.55 0.02 0.14

SM-FFA-CL 0.32 0.03 0.16 0.00 0.03 0.41 0.19 1.00 0.00 0.00 0.01 0.07 0.00 0.00 0.72 0.41 0.31 0.19 0.17 0.05 0.20

SM-FFA-ML 0.14 0.57 0.15 0.46 0.45 0.47 0.12 0.92 0.02 0.05 0.05 0.00 0.00 0.00 0.89 0.30 0.15 0.00 0.00 0.06 0.24

SM-FFA-WL 0.32 0.00 0.17 0.02 0.04 0.46 0.00 0.90 0.01 0.00 0.01 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.02 0.06 0.10

SM-FFA-CA 0.17 0.00 0.05 0.00 0.02 0.80 0.00 0.97 0.02 0.00 0.22 0.06 0.02 0.01 0.00 0.00 0.00 0.64 0.74 0.00 0.19

SM-FFA-IL 0.21 0.03 0.11 0.00 0.00 0.42 0.01 0.93 0.01 0.00 0.15 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10

SM-FFA-IC 0.12 0.02 0.01 0.03 0.00 0.76 0.00 0.90 0.05 0.00 0.16 0.03 0.01 0.01 0.01 0.00 0.00 0.72 0.74 0.04 0.18

TM-DIR-CL 0.12 0.07 0.07 0.03 0.01 0.00 0.00 0.81 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.05 0.04 0.00 0.00 0.13 0.08

TM-DIR-ML 0.17 0.27 0.04 0.14 0.43 0.01 0.00 0.30 0.00 0.01 0.18 0.00 0.03 0.00 0.03 0.00 0.01 0.00 0.00 0.14 0.09

TM-DIR-WL 0.15 0.00 0.07 0.00 0.00 0.11 0.00 0.24 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.03 0.08 0.04

TM-DIR-CA 0.04 0.05 0.04 0.08 0.05 0.83 0.00 0.66 0.00 0.00 0.11 0.01 0.06 0.01 0.04 0.01 0.00 0.24 0.30 0.10 0.13

TM-DIR-IL 0.03 0.01 0.02 0.00 0.00 0.04 0.00 0.75 0.00 0.00 0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.01 0.00 0.05

TM-DIR-IC 0.04 0.03 0.00 0.01 0.09 0.05 0.00 0.45 0.00 0.00 0.04 0.00 0.03 0.02 0.00 0.00 0.00 0.05 0.15 0.06 0.05

TM-FFA-CL 0.20 0.04 0.12 0.06 0.01 0.00 0.02 1.00 0.00 0.00 0.00 0.00 0.01 0.00 0.34 0.32 0.07 0.00 0.00 0.09 0.11

TM-FFA-ML 0.24 0.28 0.09 0.13 0.58 0.00 0.00 0.72 0.00 0.03 0.05 0.00 0.01 0.00 0.07 0.09 0.04 0.00 0.00 0.12 0.12

TM-FFA-WL 0.17 0.00 0.15 0.00 0.00 0.17 0.00 0.74 0.01 0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 0.08 0.16 0.16 0.08

TM-FFA-CA 0.15 0.14 0.01 0.06 0.21 0.87 0.00 0.76 0.01 0.02 0.12 0.01 0.00 0.04 0.03 0.00 0.00 0.45 0.63 0.12 0.18

TM-FFA-IL 0.03 0.06 0.03 0.02 0.02 0.42 0.00 0.76 0.00 0.00 0.09 0.00 0.03 0.04 0.00 0.00 0.00 0.00 0.01 0.04 0.08

TM-FFA-IC 0.05 0.14 0.00 0.04 0.15 0.09 0.01 0.66 0.01 0.00 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.29 0.44 0.01 0.10

All 0.14 0.10 0.07 0.06 0.10 0.35 0.03 0.76 0.01 0.01 0.07 0.01 0.02 0.01 0.14 0.05 0.04 0.15 0.19 0.06 0.12
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Easiest problems: ℓ20, gcd, ma5

Hardest problems: prm, lsb, srb, ssq
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Summary

Evolution of non-trivial exact integer algorithms is possible

. . . but a hard problem

Search for novel behaviors [6, 7] (via FFA [5]) = good

Transactional memory idea = not good

Benchmark set: will hopefully be interesting for a long time
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CL-SM program for srb

Computes square root of a number

Contains the same code twice . . . remove one copy and it stops

working for the single input 5

Listing 1: Manual Translation to Java

static int srb(int m0) {

int m2 = 0, t = 0;

for (int i = m0; i > 0; i--) {

t = m0 / (1 + m2);

m2 = (1 + m2 - ((t != 0) , (m2 / t) , m2));

t = m0 / (1 + m2);

m2 = (1 + m2 - ((t != 0) , (m2 / t) , m2));

}

return m2;

}
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CA-TM program for lsb

Listing 2: Manual Translation to Java

static int gpLSB(int m0) {

int m1 = 0, m2 = 0, tm0 = m0, tm2 = m2;

for (;;) { // small m0 -> many iterations

if (m0 != 0) {

tm2 = (m1 - m0);

m1 = 1;

if (m2 != 0) {

tm2 = (m2 - m0);

if (tm2 != 0) tm0 = (m0 % tm2);

}

}

if ((tm0 == m0) && (tm2 == m2))

return m2;

m0 = tm0;

m2 = tm2;

}

}
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significant bit

Faster for larger inputs (probably

utilizes integer overflow. . . )
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CL-TM program for qad

Calculates (m0 − 1)(m0 − 2) without multiplication

Listing 3: Manual Translation to Java

static int qad(int m0) {

int m1 = 0, t = (m0 - 1), tm1 = 0;

t = m0 - 1;

for (int i = t; i > 0; i--) {

tm1 = (m1 + m0);

t = m0 + m0 + m1 - 1;

m1 = tm1;

}

return (m0 - (1 - t));

}

Evolving Exact Algorithms with GP, CEC @ WCCI, 2014-07-10, Beijing Thomas Weise · iao.hfuu.edu.cn · tweise@hfuu.edu.cn 20/27

http://iao.hfuu.edu.cn/
mailto:tweise@hfuu.edu.cn


CA-TM program for gcd

Listing 4: Manual Translation to Java

static int gcd(int m0, int m1) {

int m2 = 0, tm0 = 0, tm1 = 0, tm2 = 0;

for (;;) {

if (m1 != 0)

tm1 = m0;

tm0 = (m0 != 0) , (m1 % m0) , m1;

if ((m0 != 0) && (m1 != 0) && ((m1 % m0) == 0))

tm2 = m0;

if ((m0 == tm0) && (m1 == tm1) && (m2 == tm2))

return m2;

m0 = tm0;

m1 = tm1;

m2 = tm2;

}

}
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IC-SM program for mi5

Listing 5: Manual Translation to Java

static int mi5(int m0, int m1, int m2, int m3, int m4) {

int t;

for(;;) {

t = m4;

if(m4 > m0) m4 = m0;

if(m4 > m2) m4 = m2;

if((m4 == t) && (m2 == m1) &&

(m1 == m3)) return m4;

m2 = m1;

m1 = m3;

}

}
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WL-SM program for l20

Checks if a number is less than 20, without having any constant

larger than 1

(the constants in the listing are simplified results of calculations)

Listing 6: Manual Translation to Java

static int l20(int m0) {

int t = ((m0 - 2) / 3) / 3; // integer division!

if (t < 2) return 1;

else return 0;

}
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