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Vector Matrix

rand(3, 4) ×

julia> rand(3, 4)
3×4 Array{Float64,2}:
0.481211 0.205386 0.968688 0.239485
0.385465 0.691358 0.295478 0.215576
0.911691 0.224254 0.984399 0.541366

× ×

julia> rand(3, 4, 2)
3×4×2 Array{Float64,3}:
[:, :, 1] =
0.190611 0.656259 0.556281 0.858714
0.0814072 0.164408 0.954222 0.92906

pythontex



0.83987 0.974812 0.474558 0.0514526
[:, :, 2] =
0.765418 0.750336 0.0654037 0.476914
0.834557 0.95696 0.0157077 0.491732
0.39551 0.831768 0.428758 0.279625

×

rand(3, 4, 2)

julia> ar = rand(3, 4)
3×4 Array{Float64,2}:
0.160707 0.569687 0.797983 0.760631
0.922007 0.57953 0.358656 0.0114223
0.286155 0.796654 0.456668 0.698085

julia> ar[2, 3]
0.3586560380995427



julia> ar[:, 4]
3-element Array{Float64,1}:
0.7606313907554907
0.011422317555960682
0.6980853689654172

julia> ar[1, :]
4-element Array{Float64,1}:
0.1607070692312922
0.569687258606496
0.7979833103099228
0.7606313907554907

ar

julia> ar[2:3, 1:3]
2×3 Array{Float64,2}:
0.922007 0.57953 0.358656
0.286155 0.796654 0.456668

permutedims
reshape

mapslices
hcat vcat

findall
findfirst filter



for

while

for

for
for

for
@time

julia> v = Vector{Int64}(undef, 1000);
julia> @time for i in 1:1000; v[i] = i^2; end

0.000025 seconds (1.47 k allocations: 22.922 KiB)

julia> @time v = [ i^2 for i in 1:1000 ];
0.019676 seconds (41.84 k allocations: 2.221 MiB)

@btime
@benchmark

BenchmarkTools.jl

@time @btime @benchmark



julia> @benchmark v = (1:1000).^2
BenchmarkTools.Trial:

memory estimate: 7.94 KiB
allocs estimate: 1
--------------
minimum time: 738.293 ns (0.00% GC)
median time: 810.732 ns (0.00% GC)
mean time: 1.055 μs (14.74% GC)
maximum time: 7.697 μs (87.11% GC)
--------------
samples: 10000
evals/sample: 164

v
for

while

julia> i = 1; while i < 5; println(i); global i += 1; end
1
2
3
4

@btime @time



π

julia> x = rand()
0.5020104104255427
julia> x > 0.95 ? x : π
π = 3.1415926535897...

ifelse

julia> ifelse(x > 0.95, x, π)
π = 3.1415926535897...

julia> 2 + 3
5
julia> 2 * 3
6
julia> 2^3
8

julia> a = 12 < 3
false
julia> b = 3 + 4 ≤ 7
true
julia> a && b # conjunction operator
false



julia> a || b # disjunction operator
true
julia> !a # negation operator
true
julia> [2, 3] ∩ [2, 5, 6]
1-element Array{Int64,1}:
2

julia> [2, 3] ∪ [2, 5, 6]
4-element Array{Int64,1}:
2
3
5
6

julia> [2, 3] ⊆ [2, 5, 6]
false
julia> 3 ∈ [2, 5, 6]
false
julia> 3 ∉ [2, 5, 6]
true

julia> f(x) = sin(x) + sqrt(x)
f (generic function with 1 method)
julia> f(4)
1.2431975046920718

function
end

function bayes_rule(probs, toss)
likelihood_heads = 0:1/(length(probs) - 1):1
likelihood_tails = reverse(likelihood_heads)
if toss == 1

(probs .* likelihood_heads) ./ dot(probs, likelihood_heads)
else

(probs .* likelihood_tails) ./ dot(probs, likelihood_tails)
end

end



probs

toss

ar

julia> ar .> .5
3×4 BitArray{2}:
0 1 1 1
1 1 0 0
0 1 0 1

julia> ar[ar .> .5]
7-element Array{Float64,1}:

LinearAlgebra.jl



0.9220074819252688
0.569687258606496
0.5795303164581178
0.796653818790771
0.7979833103099228
0.7606313907554907
0.6980853689654172

julia> sum(ar[ar .> .5])
5.124578945811484

julia> ar[ar .> .5] .= 5;

julia> ar
3×4 Array{Float64,2}:
0.160707 5.0 5.0 5.0
5.0 5.0 0.358656 0.0114223
0.286155 5.0 0.456668 5.0

julia> ar[1:end .!=2, 1:end .!=3]
2×3 Array{Float64,2}:
0.160707 5.0 5.0
0.286155 5.0 5.0

ar

julia> g(x::Int64) = x^3
g (generic function with 1 method)
julia> g(x::Float64) = sqrt(x)
g (generic function with 2 methods)
julia> g(3)



27
julia> g(16.0)
4.0

g

julia> struct my_type; a::String; end

my_type

g

julia> g(x::my_type) = "Hello, " * x.a
g (generic function with 3 methods)

julia> s = my_type("Alice and Bob");

g

julia> g(s)
"Hello, Alice and Bob"

Distributions.jl
add Distributions

Distributions.jl using Distributions



RCall.jl PyCall.jl

aov

julia> using RCall
julia> u = rand(100);
julia> v = rand(100) .+ 0.1;
julia> w = rand(100) .- 0.1;
julia> x = repeat(1:3, inner = 100);
julia> @rput u; @rput v; @rput w; @rput x;
julia> R"summary(aov(c(u, v, w) ~ as.factor(x)))"
RCall.RObject{RCall.VecSxp}

Df Sum Sq Mean Sq F value Pr(>F)
as.factor(x) 2 2.369 1.1844 15.9 2.76e-07 ***
Residuals 297 22.127 0.0745
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

rand(100)
v

+ +
.+

w x
@rput u v w x

PyCall.jl

julia> using PyCall
julia> math = pyimport("math");



julia> math.sqrt(2)
1.4142135623730951

install.packages
pip conda

Statistics.jl StatsBase.jl Bootstrap.jl
HypothesisTests.jl GLM.jl Lathe.jl

Distributions.jl
lme4

MixedModels.jl



Turing.jl

RCall.jl

JuMP.jl

Ipopt.jl
JuMP.jl

using JuMP
using Ipopt

model = Model(Ipopt.Optimizer)
@variable(model, 0 ≤ x[1:3] ≤ 1)
@NLobjective(

model,
Min,
.01(.1(1 - x[1])^2 + .3x[2]^2 + .6x[3]^2) +
.25(.45x[1]^2 + .1(1 - x[2])^2 + .45x[3]^2) +
.1(.6x[1]^2 + .3x[2]^2 + .1(1 - x[3])^2)

)
@constraint(model, sum(x) == 1)
optimize!(model)



objective_value(model)

value.(x)

@NLobjective(
model,
Min,
.01(((x[1] - 1)^2 +

(x[1] + x[2] - 1)^2 +
(x[1] + x[2] + x[3] - 1)^2)/2) +

.25(((x[1] - 0)^2 +
(x[1] + x[2] - 1)^2 +
(x[1] + x[2] + x[3] - 1)^2)/2) +

.1(((x[1] - 0)^2 +
(x[1] + x[2] - 0)^2 +
(x[1] + x[2] + x[3] - 1)^2)/2)

)

LinearAlgebra.jl

using LinearAlgebra

bayes = normalize!([.01, .25, .1], 1)
expl = normalize!([.11, .25, .1], 1)



function bayes_scr(w1, w2, w3, w4, w5)
x = .01(w1*(1 - bayes[1])^2 + w2*bayes[2]^2 + w3*bayes[3]^2)
y = .25(w5*bayes[1]^2 + w4*(1 - bayes[2])^2 + w5*bayes[3]^2)
z = .10(w3*bayes[1]^2 + w2*bayes[2]^2 + w1*(1 - bayes[3])^2)
return x + y + z

end

function expl_scr(w1, w2, w3, w4, w5)
x = .01(w1*(1 - expl[1])^2 + w2*expl[2]^2 + w3*expl[3]^2)
y = .25(w5*expl[1]^2 + w4*(1 - expl[2])^2 + w5*expl[3]^2)
z = .10(w3*expl[1]^2 + w2*expl[2]^2 + w1*(1 - expl[3])^2)
return x + y + z

end

function find_weights(iter)
i = 1
res = ()
weights = Vector{Float64}(undef, 5)
while i ≤ iter

v = sort(rand(Dirichlet([1, 1, 1])))
w = sort(rand(Dirichlet([1, 1])))
weights = vcat(v, w)
res = bayes_scr(weights...), expl_scr(weights...)
if first(res) > last(res)

break
end
i += 1

end
if first(res) > last(res)

return res, weights
else

println("No weights found. Try again!")
end

end

find_weights(1000)



JuMP.jl



model = Model(Ipopt.Optimizer)
@variables(model, begin

0 ≤ w[1:3] ≤ 1
0 ≤ v[1:2] ≤ 1

end)
@NLobjective(

model,
Min,
(.01(w[1]*(1 - expl[1])^2 +

w[2]*expl[2]^2 +
w[3]*expl[3]^2) +

.25(v[1]*expl[1]^2 +
v[2]*(1 - expl[2])^2 +
v[1]*expl[3]^2) +

.1(w[3]*expl[1]^2 +
w[2]*expl[2]^2 +
w[1]*(1 - expl[3])^2)) -

(.01(w[1]*(1 - bayes[1])^2 +
w[2]*bayes[2]^2 +
w[3]*bayes[3]^2) +

.25(v[1]*bayes[1]^2 +
v[2]*(1 - bayes[2])^2 +
v[1]*bayes[3]^2) +

.1(w[3]*bayes[1]^2 +
w[2]*bayes[2]^2 +
w[1]*(1 - bayes[3])^2))

)
@constraints(model, begin

sum(w) == 1
sum(v) == 1
w[1] ≤ w[2]
w[2] ≤ w[3]
v[2] ≤ v[1]

end)
optimize!(model)

objective_value(model)

value.(x)



Agents.jl

Agents.jl



Gadfly.jl
PlotlyJS.jl Plots.jl

ggplot RCall.jl

pyplot PyCall.jl
gnuplot Gaston.jl

Gnuplot.jl
Makie.jl

https://github.com/LgorDouven/ABDUCTION.git.
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