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Excessive merging can cause

problems
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SyntheSis With numeriCQI Jeevana Inala, Sean Gao, Soonho Kong,
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A Simple Example




A simple example

box obsl = .. // stationary car 1
box obs2 = .. // stationary car 2
world wld = new world(n= 2, obstacles = {obsl, obs2});

// your car
car ¢ = new car(..);

float dt = 0.1;

print(c);

for(int i=0; i<100; ++i){
controller(c);
simulate(c, dt);
detectCollision(c, wld);
checkCar(c);
print(c);

}

assert reachGoal(c);



A simple example

void controller(car c) {
float v = ??;
float x1 = ??; float x2 = ??; float x3 = ??;
checkSwitch(x1); checkSwitch(x2); checkSwitch(x3);
if (c.b.xb > x1) {
C.V = V;
c.ang = 0.0;
} else if (c.b.xb > x2) {
C.V = V;
c.ang = ??;
} else if (c.b.xb > x3) {

C.V = V;
c.ang = ??;
} else {
cC.v = 0.0;

}



A simple example

void simulate(car c, float dt){
float YL = c.b.yf - c.b.yb;
float XL = c.b.xf - c.b.xb;
float H = sqrt(YL*YL + XL*XL);
float coa = (XL/H);
float sia = (YL/H);
float DY = c.v*dt*(sin(c.ang)*coa + cos(c.ang)*sia);
float DX = c.v*dt*(cos(c.ang)*coa - sin(c.ang)*sia);

c.b.xf += DX;
c.b.yf += DY;
float tt = (DX + XL)* coa + (DY + YL)*sia;
float g = tt
- 0.5%sqrt(4.0*(tt*tt) - 4.0*(DX*DX + 2.0*DX*XL + DY*(DY + 2.0*YL)) );
c.b.xb += g*coa;
c.b.yb += g*sia;



A simple example

void detectCollision(car c, world w){
for (int i = 0; i < w.n; i++) {
box o = w.obstacles[i];
detectCollisionWithObject(c.b, 0);

}

void detectCollisionWithObject(box o0l, box 02) {

// make sure that vertices of o0l are not inside o2

float[8] vertices = getVertices(ol);

for (int 1 = 0; 1 < 4; i++) {
assert(!isInside(vertices[2*i], vertices[2*i+1l], 02));

}

// make sure that vertices of 02 are not inside ol

vertices = getVertices(02);

for (int 1 = 0; 1 < 4; i++) {
assert(!isInside(vertices[2*i], vertices[2*i+1], 01));

}



A simple example




Solver performance

Solution times for different benchmarks
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None of these benchmarks can be solved with previous SMT solvers!



Solver performance

Comparison with numerical optimization
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Another Example

double[N] control([int N], Segment[N] segs, double time){

double[N] deltas;
double ii = 0.0;
for(int i=0; i<N; ++i){

i += 1.0;

repeat(5){

if(time < ??*Dt()){
deltas[i] = ?? +ii*?? + segs[i].ang*??;

Y}

return deltas;

}
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Learning to Infer Graphics
Programs from Hand-Drawn
Images



From images to programs
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From images to programs
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Why? Correcting errors in perception
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Why? Extrapolation
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Selecting Representqtive Evan Pu, Zacherey Miranda, Leslie

Kaelbling, Armando Solar-Lezama,

_Examples for Synthesis 2016
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Kevin Ellis, Josh Tenenbaum, Lucas E. Morales

Learning G DSL in submission.
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. Dechter, Malmaud, Adams, Tenenbaum:
E"C Algorlthm Bootstrap Learning via Modular Concept Discovery. [JCAI 2013
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Learning a Recognition model  peepcoder (Balog et.al. 2017)

Domain Specific Language — — Prior on the space of programs in the DSL

Recognition Model q(x)




New DreamCoder Algorithm
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Results
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Results
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