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Define a probability distribution over program ex-

Forward |nference teChnl ues SUCh as se- . . . ) . Algorithm 1 Parallel SMC program execution
uential Monte Carlo [1] :n d particle Markov Simple example: iid draws Sample from prior: Sample from posterior: ecution traces Assume: N observations, L particles
. . . . launch L copies of the program (parallel)
q . p Th . frOm a G&USSI&H dIStrIbUtlon #include "probabilistic.h" #include "p: pilistic.h" forn=1...Ndo
chain Monte Carlo [2] for probabilistic pro- i unk - Enumerate all N observe statements, and the wait unil all L reach cozezve 3, (barricr)
. . . Wi unkKnown mean. int main(int argc, char *=xargv) { int main(int argc, char =xargv) { . . update unnormalized weights w " (serial)
gramming [3] can be implemented in any associated data points ¥Y1,---,YnN if £SS < 7 then
ro ramm|n Ian uage b Creatlve use Of double var = 2; double var = 2; , . ) sample number of offspring O (serial)
Prog g language by i ~ Normal(1,5) doubie ma = nommalEng L, Bl double mu = normal_rng(1, 5); - Enumerate all N’random choices made during set weight i} * = 1 (serial)
- : - - ’ . for (=1...Ldo
Standardlzed Operatlng System funCtlona“ty iid N 1( 2) Erlnzgt:: f:' normai_rng:mu, var; :, 2::5:::\:: :normai_inng, mu, var; ;, the eXGCUtIOn Of the program :1:17 Cee s IN’ fork or exit (p;u'allcl)
including processes, forking, mutexes, and y1,y2 ~ Normal(p, lail e serve (normal_Lnp (8, mu, var)); end for
. ", Y W - 2 T = else
Shared memory D predict ("mu, $£\n", mu); en:‘ic;fall number of offspring O, = 1 (serial)
\ return 0 \ return 0; continue program execution (parallel)
e . . oy . . . : : end for
* PrObabIIIStIC C a prObabIIIStIC programmlng In- wait until L program traces terminate (barrier)
termediate representation language, which itself predice from L samples from p(x} % |y.x) (serial)
can be compiled to parallel machine code by + Define a partition of the random choices such
standard compilers Another example: a hidden Markov model, with Gaussian emission distributions. that each x, contains all random choices made Algorithm 2 Parallel Particle Gibbs program exccution
St d d C Wth WO New directives b b t b t d Asfsume: .-\f llcra‘itll(;ns. N observations, L particles
. : . . orm=1...Mdo
andar . ! $ OPSErve z0 DISCI'etG([l/K, R 1/K]) anzn—l ~ DlSCI‘et'e(Tz»,l_1) ynlzn ~ NOI'IIla,l(,len ) 02) etween observations Yn—1 an Yn L' « Lifm = 1, otherwise L — 1
and pr edict launch S’ copies of the program (parallel)
. . ) ) X1 X9 for n = 1 e N d,O .
- Compiled programs automatically emit posterior ~ Sample from prior: Sample from posterior: A~ e wait until all L/ reach an chserve (baier)
. . . P —— ~ ~ etc compute weights for all particles (serial)
samples of predicted quantities, conditioned on e ) . o if m > 1 then
#include "probabilistic.h finclude "pr bilistic.h" sion: fspri etaine ace seriz
the Observed data jjziiile‘ E 31 zy_ilw }\(1 1 en;il%;'ldl num offspring to retained tra (serial)
. . . . . e e A S 20 W 2 WY 2 W 279 Y 25 Y for { =1...L" do
1 1 1 static double T[K][K] = { 0.1, 0.5, 0.4}, static double T = { 0.1, 0.5, .4}, end for
InCIUdlng bIaCk bOX SImUIatorS ' oubte TLEIE { 8.;' 0.2, O é i, i L 1 .3.;_ E).i 8 é i wait until L particles finish branching (barrier)
{ 0.15, 0.15, 0.7 } }; { 0.15, 0.15, 0.7 } }; @ @ continue program execution (parallel)
. end for
/* Observed data +/ wait until L am traces terminate (barrier)
Implementatlon static double data[N] = { NAN, .9, .8, .7, 0, -.025, pN:lcl-d‘il.l:lr_lfrmir(lig:z;::plrcls t'ronlfl;)l(ﬁ,}f&,|g/“\r) (slz‘:lia:)
-5 -2, -.1, 0, 0.13 }; . ) select and signal particle to retain (serial)
- The POSIX fork function causes a process to . prior distribution on initial state | . Prior distribution on initial state * Run sequential Monte Carlo or particle MCMC bt  prosesses e eady 0 branch (harer)
C|One |tse|f, Creatlng a new process W|th an static double initial_state(K] = { 1.0/3, 1.0/3, 1.0/3 }; static double initial_state([K] = { 1.0/3, 1.0/3, 1.0/3 }; algorltth over the reSUItlng Sequence Of program end for
identical copy of the program execution state ctatic double statemean(K] = ( -y 1y 0 s tatic double statemean(xl = ( -1, 1, 0 1z execution states
_ ‘ N Algorithm 3 Retain and Branch inner loop
. Lazy COpY'On'erte procedure for dupllcatlng _r;g;nil;fg;c‘jc’mmi u;rg) { ir‘lt ;a:}l;_;farj:,]:“_‘ *;r;) p(yl:N’ xl:N) _ H g(yn |x1:n)f(xn|x1:n_l) Asillfnfmnl[:ﬁl::iut-l:llli> () children to spawn
memory contents: efficient Lnt states(N); [ et while - e do N
. for (int n=0; n<N; n++) { for (int 11;'3; ' n<N; n++ ! ", = van R not iS'L:C:Jimd e,n
L USlng fork we Can bl’anCh and GXPIOre many s(;taEeS[n] = \(1n==c3) ) ? discrete_rng(initial_state, K) ) s(;ta:es:nj = Ijn==0))?{discre:e_rnc_;(ini:ia‘._sta:e, K) Idlzc(u‘r(ll:;l}scxccutlon trace, exit
: discrete_rng states[n-1] ; : discrete_rng states[n-1 : eise
downstream program execution paths if (0> 0) { e if (n > 0) { ’ e @ @ @ EEE Zp;afwn(i-'ncwchndrcn
printf ("data[%d],%£f\n", n, observe (normal_lnp(datal[n], endal
. MaSSively parallel: eaCh dOWﬂStream path iS normal_rng(state_mean[states[n]], 1)); state_mean|[states[n]], 1)); ix;:ait for signal \::ei;h resets is_retained
} } is-retained
explored by an independent OS process } printf ("state [%d], %d\n", n, states[n]); } predict ("state[%d], %d\n", n, states[n]); @ @ @ els\:ait for signal which resets ('
« Global SynChronization is handled via shared et 0 et o engi::ard this execution trace, exit
} } . d whil
memory segments - Note we only need to be able to simulate from =

f(x,|x1.,—1) and evaluate ¢g(v,,|x1.,)
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of research supported crank Wood

Anatomy
* Sought : data and bottom-up feature extraction

» Support : top-down model-based regularization University of Oxford

Function
* Sought : stochastic circuit simulators fwood@robots.ox.ac.uk

* Support : automatic inversion http://www.robots.ox.ac.uk/~fwood/
Artificial Intelligence

* Sought:?
* Support : programs that write programs, etc.
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