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Declarative Programming

A programming paradigm where the
programmer specifies’hat to compute
and leavesiow to compute it to a solver.

U Examples: SQL, Prolog/Datalog, Mathematica, Regex, TensorFlow/The
U Solver seeks an efficient strategy (e.g., SQL query planning)
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Why declarative programming?

AMany ML algorithms have a concise declarative program

AThere are many choices to make when writing a fast program
ALoop orders
AData structures (e.g., hash map, dense array, linked list)
AGlobal execution strategy (e.g., depth vs. breditgt search)
AParallelization opportunities

AManually experimenting with all possibilities is time consuming
AProgrammers usually only implement one

AWSASI NOKSNER R2y Qi KIF®GS UGAYS
AWe can do better with automatic optimization
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Why not optimize Python/Java/C++ etc.?

ALess flexibility
A Choices of loop orders / data structures already decided by the human
programmer
ASemantics of the program are not invariant to

A Changing execution and loop order
A Eager vs. lazy evaluation, tdewn vs bottomup evaluation.

AData structures
AConcurrency

ADifficult to reliably discover long range interactions in a program
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What Is Dyna?

ADeclarative language
ABased on weighted logic programming

AProlog / Datalog like syntax
AUses pattern matching to define computation graphs

AReactive

ADyna programs are close to their mathematical description
A Similar to functional programs
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b is a sum ofwo variables. Also kept up to date.
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Dyna Day 1

= b * c.

a will be kept up to date b or ¢ changes.
+= X.
+= . equivalent to b = x+y. (almost)

(Reactive)

b is a sum ofwo variables. Also kept up to date.

= 7(foo(bar,5)). c is a sum of all

Y

a opatternso
the capitalized N
matches anything

defined z(é) val ues.
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a2zZNB AYUSNBauAy3
a(l) =Db(l) = c(l).

Apointwise multiplication
a += b(1) * c(I). ga,_Zb,,;*c,,;)

Adot product; could be spars

Y TR RN (1 v

Amatrlx - ~could be spars
Al is free on the rlghhand side, so we sum over it
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Dyna vs. Prolog

Prolog has Horn clauses:
a(l, Ky - b(l,J) ,
58yl KIFI&a al 2Ny SljdzZr dA2yasgy

c( J, K).

+: b(1,J) * ¢(J,K).

prove avaluefor it
e.g., a real number,
but could be any term

definition from other values
b*c only has value wheh andc do
If no values enter into +=, theangets no value

Like Prolog:

Allow nested terms
Syntactic sugar for lists, etc.
Turing -complete

Unlike Prolog:

Terms can have values
Terms are evaluated in place
Not just backtracking!

10
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Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

©

edge("a", "b
edge("b", "c'
edge("c", "d"
edge("d", "b"
start = "a".
end ="d".

vvvv
TR
P NN



Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

distance(x) = min  edge(z,y) + distance(y)

y€edges(x,-)
distance(Start) = 0
Path length = distance(End)



Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length '

e(end).

Variables not i edge(z,y) + distance(y)

present in the head

of an expression are

aggregated over like
with the dot

stance(End)

product example.
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Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= ¥
path_length =

distance(z) =  min I S NE mii &

yEedges(x,-)
aggregator only

keeps the
minimal value
that we have

computed

distance(Start) = 0
Path length = distance(End

11



Note: Aggregation hOrteSt path

was already present

LRBIANEGEINENEIRE = edge( X, Y) + distance( Y).
definition. in= 0.

distance(end).

distance(r) = min  edge(x,y) + distance(y)
yEedges(x,-)

distance(Start) = 0
Path length = distance(End)

11
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Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

After this converges we caquerythe state of the Dyna program.
? path_length

Length at the end
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Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

After this converges we caquerythe state of the Dyna program.
? path_length

? distance("c")
The distance

of some
other vertex

11



Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

After this converges we caquerythe state of the Dyna program.
? path_length
? distance("c")

? distance( X) All of the

vertices

11



Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

After this converges we caquerythe state of the Dyna program.
? path_length
? distance("c")

? distance( X)

? distance( X)>7 All the vertices more

than 7 away

11



Shortest path

distance( X) min= edge( X, Y) + distance( V).
distance(start) min= 0.
path_length .= distance(end).

After this converges we caquerythe state of the Dyna program.
? path_length
? distance("c")
? distance( X)
? distance( X)>7
? edge("a", X

All of the edges

leaving "a"

11
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Aggregators

AAssociative/commutative: AChoose any value:

Ab +=  a(X).% number Ae?=b.

Ac max= a(X). Ae?=c.

Ag [ p(X).-%boolean R ser definable aggregators
Ar &= p(X). A a(X)smiles=b(X, 2).

A (Just define all of the operation of

ARequire uniqueness: . .
an commutative semigroup)

Ad = b+c.

ALast one wins:
Afly(X):= true if bird(X).
A fly(X):=false if penguin(X).
Afly(bigbird)-= false.
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Neural Convolutional Layer
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Neural Convolutional layer
hij=o0 ( Z bnin4j X )
me[—1,1],ne[—1,1]

.y (X) =1/ (1 + exp( - X)).
= A =mctivation(l, J)).
activation(l, J) += input(l + M, J + N) *

=random(*, -1,1)forDX: -1.1,DY: -1.1.



Neural Convolutional layer
hij; =0 ( Z bmintgj ¥

=\ |
.y (X) =1/ (1 + exp( - X)).

= A =mctivation(l, J)).
activation(l, J) += input(l + M, J + N) *
=random(*, -1,1)forDX: -1..1,DY:

-1..1.
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Neural Convolutional layer

hi,j — 0 E im—l—i,n—l—j * W, n
mE[—l,l],?’LE[—l,l]

.y (X) =1/ (1 + exp( - X)).
= A mctivation(l, J)).
activation(l, J) +=

M, J + N) *

Summation became an

aggregator

,1) for DX: -1..1,DY: -1.1.

14



Neural Convolutional layer

Iy We can easily
( :
define rules over
90 q

+intg * Wm.n

) exp( - X)).
= A =mctivation(l, J)).
activation(l, J) += input(l + M, J + N) *

=random(*, -1,1)forDX: -1.1,DY: -1.1.

14



Neural Convolutional layer

hi,j — 0 E im—l—’é,n—l—j * Wimn,n
mE[—l,l],?’LE[—l,l]

) . (X) =1/ (1 + exp( - X)).
= A mctivation(l, J)).
activation(l, J) += input(l + M, J + N) *

=random(*, -1,1)forDX: -1.1,DY: -1.1.

Our ranges oved

ande are reflected in
the shape of weight

14



Neural Convolutional layer

hi,j — 0 E im—}—i,n—l—j * Wimn,n
me[—1,1],ne[—1,1]

.y (X) =1/ (1 + exp( - X)).
= A mctivation(l, J)).
activation(l, J) +=

input(l + M, J + N) *

Here keys are integers but
we can also support more

complicated structures

-1..1.

14
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More Neural

(X =1/1+  exp(-X)
out( J) = A(activation( J)).

activation(

J) +=out( |) * edge(l,J).

All weights have been

rolled into the edges
connecting neurons

15



More Neural

(9 =171+  exp(-X).
out( J) = A(activation( J)).
activat J) +=out( |) * edge(l,J).

The output of a neuron is

our nonlinearity applied
to the sum of its inputs

15



Note: nowhere In

I\/IOre Neural this program do we

Ify the form of
(X =1/@Q+  exp(-X). specify
out( J) = A(activation(  J)). our variabled, J
activation( J) += out( |) * edge(l,J).

15



More Neural

(XN =1/(1+ exp( - X)). Instead we can specify

out( J) = A(activation(  J)). the structure of keys

activation( J) += out( |) * edge(!,J). inside the definition of
edge.

edge(input( X Y),hidden( X+DX Y+DY)) =weight( DX DV).
weight( DX DY) :=random( *,-1,1)forDX :-1..1 ,DY:-1..1.

15



More Neural

(X =1/1+  exp(-X)
out( J) = A(activation(  J)).
activation( J) += out( |) * edge(!, J).

edge(input( X Y),hidden( X+DX Y+DY)) =weight( DX DV).
weight( DX DY) :=random( *,-1,1)forDX :-1..1 ,Dx#-1..1 .

The weight do not depend on
the absolute location of the

Input, so this is a convolution
again.

15
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Dyna Makes Alggrithms Easy

AGibbs, MCMCG; flip variable, compute likel

Alterative algorithms; loopy belief prope
optimization

ANeural networks; computation grap
ABranchand-bound, DavisPutnantLogems

Almplementations and more in:
ADyna: Extending Datalog for modern Al. (Eisner & Filardo 2011)
ADyna: A nosprobabilistic language for probabilistic Al. (Eisner 2009)

16



How much can a declarative language
save us?



Implementing shortest path



Implementing shortest path

Dyna (Declarative)

distance(X) min= edge(X, Y)

+ distance(Y).
distance(start) min= 0.
path_length = distance(end).



Implementing shortest path

Dyna (Declarative) Java (Procedural)
distance(X) min= edge(X, Y) disances - new  HashMapSiting, Floasg:
+ diStanCE(Y). ;e/ollgeg =dnew HashMapg:Pair<String, String>,Float>();
distance(start) min= 0. qugeue.pugh (‘start");
path_length = distance(end). S ey 01

for(e : edge) {
if( e.first ().second().equals( d.first () {
if( distance.get (e.first ()<
d.second () + e.second ()){
distance.put (e.first (),
d.second () + e.second ());
gueue.push (e.first  ());

}
}
}

}
path_length = distances.get ("end");



Dyna (Declarative)

Implementing shortest path

distance(X) min= edge(X, Y)

+ distance(Y).

distance(start) min= 0.

path_length

= distance(end).

Java (Procedural)

queue = new PriorityQueue <String, Float>();
distances = new HashMapg:String, Float>();
edges = new HashMagPair<String, String>,Float>();
// load edges
gueue.push ("start", 0);
while(! queue.empty ()) {
d = queue.pop ();
for(e : edge) {
if( e.first ().second().equals( d.first () {
n= d.second () + e.second ();
if( distance.get (e.first () <n){
distance.put (e.first (), n);
queue.push (e.first (), n);

}
}
}

}
path_length = distances.get ("end");




Dyna (Declarative)

Implementing shortest path

distance(X) min= edge(X, Y)

+ distance(Y).

distance(start) min= 0.

path_length

= distance(end).

Java (Procedural)

queue = new PriorityQueue <String, Float>();
distances = new HashMapgString, Float>();
edges = new HashMagString,Map <String,Float  >>();
/l load edges
queue.push ("start", 0);
while(! queue.empty ()) {
d = queue.pop ();
for(e : edge.get (d.first () {
n= d.second () + e.second ();
if( distance.get (e.first ())<n){
distance.put (e.first (), n);
queue.push (e.first (), n);
}

}

}
path_length = distances.get ("end");




Implementing shortest path

Dyna (Declarative) Java (Procedural)
placelndex = new HashMagsString,Integer  >();
d- t X - d X Y gueue = new PriorityQueue <Integer, Float>();
IS anCE( ) min= € ge( J ) distances = new floatl num places];
+ diStance(Y) edges = new float[ num places][ num places];
_ _ ] /l load edges
dlstance(start) min= 0. queue.push ( placesindex.get ("start"), 0);
. while(! queue.empt
path_length = distance(end). 0o rereen oy O
| = edges[ d.first ()];
for(j=0;j< llength ; j++){

n= d.second () + I[j];
if(distances][j] < n) {
distances][j] = n;
gueue.push (j, n);
}
}
}

path_length = distances[ placelndex.get ("end")];



Implementing shortest path

Dyna (Declarative) Java (Procedural)
placelndex =new HashMagString,Integer  >();
diStanCE(X) min: edge(X, Y) /e;ollgzj :dr;eev; floatf num_places][ num_places];
I float distance(from) {
] ] + dIStanCe(Y). if(from == placelndex.get ("start")) {
distance(start) min= 0. return O;
path length = distance(end). Ledges[from];
r = infinity;
for=0;j < l.length ; j++){
n = distance(]) + 1[j];
if(n <)
r=n;
}
return r;
}

path_length = distance( placelndex.get ("end"));



Implementing shortest path

Dyna (Declarative) Java (Procedural)
placelndex = ney :
distance(X) min= edge(X, Y) ,
+ distance(Y). _ A single Dyna program can
distance(start) min= 0. / represent hundreds of possible

path_length = distance(end). implementations.

Other implementations

(not shown here) include A*

and bidirectional search, and

choice of data structures to
support dynamic graphs
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the problem is choice
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If you are Neo, you have two choices

At 1S 0KS I NOKAGSOUOQa RS
ARestart the Matrix

ALet all the humans in Zion die
A But restart Zion with 16 females and 7 males (fight another day)

AAlready tried this times
A Current argmax
AC2ft2¢ aly SY2U0A2Y &aLISOAFAOIf &
ASave Trinity
AYOLO, figure this out as we go (unknown reward)
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can machines love
or at least make irrational choices

action = argmax 7(-|...)
CKS adwladA2ylrfté [/ K2AOS
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can machines love
or at least make irrational choices

action = argmax 7(-|...) action ~ 7w(-|...)

¢CKS awl A2yl fé |/ KBRSOSLNN) GA2Y
_ (Randoml sample)
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Outline

AWhy Declarative Programming?
AQuick introduction to the Dyna language
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latency

Z v*\; latency (7)

| =1
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structure (via callback)

{2t OSNJ KI &

Example knob: eager or lazy updates®?
e.g.,dynamic max data structure

% Dyna:
output max= input( ).
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update )
Dynamic data response
query W

latency

Total cost knob setting Encourage earlier

Average latency on workload jobs to finish first Example knob: eager or lazy updates?

e.g.,dynamic max data structure

ad W % Dyna:
E VN ]aten(;y(i) output max= input( ).
Le=1 - Max-heap:
knob settings A O(log n)per update

A OMLIS NI 6 I i OKeapilztJR |
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Oft-line training

Run entire workload

> > > ;. N .. '. '.

Feedbacko(m)

A Reasonable way to tune knobs-tiffe (used byPhiPac ATLASSATZillz

Open up the solve _ o _ _
A The inefficiency: this loopxploresone policy per run.

A How do we tighten the loop tget feedback more oftefd
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Tasks on agenda can be ; y

executed in any order! I”Slde the SOIVer e, k) +=a(l,J) * b(J, K.

Interpolates between eager Task:
and lazy strategies :

Computec( | ,4) for alll

-
L - - -
| Tons of admissible strategies.
) Each attempts to make progress
toward an answer to open queries

Memos are optional Strategy:
Solver can create or flush for Jin b(:,4):
memos anytime. for I'in a(:,J):
(memos save recomputation, c(l,4) +=a(l,J) * b(:,4)
but require maintenance)
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thread

26



% matrix multiplication
Tasks on agenda can be ; y

executed in any order! I”Slde the SOIVer e, k) +=a(l,J) * b(J, K.

Interpolates between eager Task:
and lazy strategies Computec( | ,4) foralll

-
-

| Tons of admissible strategies.
) Each attempts to make progress
toward an answer to open queries

Memos are optional Strategy:
Solver can create or flush for Jin b(:,4):
memos anytime. for l'in a(:,J):
(memos save recomputation, choose! c(l,4) +=a(l.J) * b(;,4)
but require maintenance) memoize

thread
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Strategy options

Solver should systematize all the reasonable implementation tricks that programmers
might use and make them work together correctly.

A Parallelizing independent computations
S A Ordering dependent computations
A Join strategies
A Forward vs. backward chaining (updabteéven vs. quendriven)
A Dynamically identify unnecessary computation
A Shortcircuiting, branckand-bound/A*, watched variables
A Consolidating related work
A Static or dynamic batching (consolidating similar tasks, including GPU)






