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Declarative Programming

ü Examples: SQL, Prolog/Datalog, Mathematica, Regex, TensorFlow/Theano
ü Solver seeks an efficient strategy (e.g., SQL query planning)

A programming paradigm where the 
programmer specifies what to compute

and leaves how to compute it to a solver.
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Why declarative programming?

ÅMany ML algorithms have a concise declarative program

ÅThere are many choices to make when writing a fast program
ÅLoop orders
ÅData structures  (e.g., hash map, dense array, linked list)
ÅGlobal execution strategy   (e.g., depth vs. breadth-first search)
ÅParallelization opportunities  

ÅManually experimenting with all possibilities is time consuming
ÅProgrammers usually  only implement one

ÅwŜǎŜŀǊŎƘŜǊǎ ŘƻƴΩǘ ƘŀǾŜ ǘƛƳŜ ǘƻ ƻǇǘƛƳƛȊŜ ǘƘŜ ŜŦŦƛŎƛŜƴŎȅ ƻŦ ǘƘŜƛǊ ŎƻŘŜ
ÅWe can do better with automatic optimization
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Why not optimize Python/Java/C++ etc.?

ÅLess flexibility
ÅChoices of loop orders / data structures already decided by the human 

programmer

ÅSemantics of the program are not invariant to
ÅChanging execution and loop order
ÅEager vs. lazy evaluation, top-down vs bottom-up evaluation.

ÅData structures

ÅConcurrency

ÅDifficult to reliably discover long range interactions in a program
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What is Dyna?

ÅDeclarative language 

ÅBased on weighted logic programming

ÅProlog / Datalog like syntax
ÅUses pattern matching to define computation graphs

ÅReactive

ÅDyna programs are close to their mathematical description
ÅSimilar to functional programs

7
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Dyna Day 1
a = b * c.

a will be kept up to date if b or c changes.  (Reactive)

b += x.

b += y. equivalent to b = x+y. (almost)

b is a sum of two variables.   Also kept up to date.

c += z(1).

c += z(2).

c += z(3).

c += z("four").

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

defined z(é) values. 

a òpatternsó
the capitalized N
matches anything

c += z( N).
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Prolog has Horn clauses:

a( I , K) : - b( I , J) , c( J, K).

5ȅƴŀ Ƙŀǎ άIƻǊƴ ŜǉǳŀǘƛƻƴǎέΥ

a( I , K) += b( I , J) * c( J, K).

Dyna vs. Prolog

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

definition from other values
b*c only has value when b and c do
if no values enter into +=, then a gets 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!
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Shortest path

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

edge("a", "b") = 10.
edge("b", "c") = 2.
edge("c", "d") = 7.
edge("d", "b") = 1.
start = "a".
end = "d".
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Shortest path

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

11

Variables not 
present in the head 
of an expression are 
aggregated over like 

with the dot 
product example.



Shortest path

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

IŜǊŜ ǘƘŜ άmin=ñ

aggregator only 
keeps the 

minimal value 
that we have  
computed
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Shortest path

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

Note: Aggregation 
was already present 
in our mathematical 

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

11

? path_length

After this converges we can querythe state of the Dyna program.

Length at the end



Shortest path

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

11

? path_length
? distance("c")

After this converges we can querythe state of the Dyna program.

The distance 
of some 

other vertex
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distance( X)     min= edge( X, Y) + distance( Y).
distance(start) min= 0.
path_length := distance(end).

11
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Shortest path

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

11

? path_length
? distance("c")
? distance( X)
? distance( X) > 7

After this converges we can querythe state of the Dyna program.

All the vertices more 
than 7 away



Shortest path

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

11

? path_length
? distance("c")
? distance( X)
? distance( X) > 7
? edge("a", X)

After this converges we can querythe state of the Dyna program.

All of the edges 
leaving "a"
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Aggregators
ÅAssociative/commutative:
Åb += a(X).  % number

Åc max= a(X).

Åq |= p(X).  % boolean

År &= p(X).

ÅRequire uniqueness:
Åd = b+c.

ÅLast one wins:
Åfly(X) := true if bird(X).

Åfly(X) := false if penguin(X).

Åfly(bigbird) := false.

ÅChoose any value:
Åe ?=b.

Åe ?= c.

ÅUser definable aggregators
Åa(X) smiles= b(X, Z).

Å(Just define all of the operation of 
an commutative semigroup)
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Convolution output

Neural Convolutional Layer

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution
13

Learned 
feature 
weights
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Neural Convolutional Layer

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution
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Some 
nonlinearity



Input image

Convolution output

Neural Convolutional Layer

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution
13

Convolution 
output
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(X) := 1 / (1 + exp( - X)).
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Neural Convolutional layer

„„(X) := 1 / (1 + exp( - X)).
= Ȃƽactivation(I, J)).
activation(I, J) += input(I + M, J + N) * weight(M, N) .

weight(DX,DY) := random(*, - 1,1) for DX: - 1..1, DY: - 1..1.

Summation became an 
aggregator

14



Neural Convolutional layer

„„(X) := 1 / (1 + exp( - X)).
= Ȃƽactivation(I, J)).
activation(I, J) += input(I + M, J + N) * weight(M, N) .

weight(DX,DY) := random(*, - 1,1) for DX: - 1..1, DY: - 1..1.

We can easily 
define rules over 
ᴙᴼᴙ

14



Neural Convolutional layer

„„(X) := 1 / (1 + exp( - X)).
= Ȃƽactivation(I, J)).
activation(I, J) += input(I + M, J + N) * weight(M, N) .

weight(DX,DY) := random(*, - 1,1) for DX: - 1..1, DY: - 1..1.

14

Our ranges over ά
and ὲare reflected in 
the shape of weight



Neural Convolutional layer

„„(X) := 1 / (1 + exp( - X)).
= Ȃƽactivation(I, J)).
activation(I, J) += input(I + M, J + N) * weight(M, N) .

weight(DX,DY) := random(*, - 1,1) for DX: - 1..1, DY: - 1..1.

Here keys are integers but 
we can also support more 

complicated structures

14



More Neural
„( X) = 1 / (1 + exp( - X)).   
out( J) = ʎ(activation( J)).
activation( J) += out( I ) * edge( I , J).
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More Neural
„( X) = 1 / (1 + exp( - X)).   
out( J) = ʎ(activation( J)).
activation( J) += out( I ) * edge( I , J).

All weights have been 
rolled into the edges 
connecting neurons
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More Neural
„( X) = 1 / (1 + exp( - X)).   
out( J) = ʎ(activation( J)).
activation( J) += out( I ) * edge( I , J).

The output of a neuron is 
our nonlinearity applied 
to the sum of its inputs

15



More Neural
„( X) = 1 / (1 + exp( - X)).   
out( J) = ʎ(activation( J)).
activation( J) += out( I ) * edge( I , J).

Note: nowhere in 
this program do we 
specify the form of 
our variables I, J
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More Neural
„( X) = 1 / (1 + exp( - X)).   
out( J) = ʎ(activation( J)).
activation( J) += out( I ) * edge( I , J).

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

Instead we can specify 
the structure of keys 

inside the definition of 
edge.  

15



More Neural
„( X) = 1 / (1 + exp( - X)).   
out( J) = ʎ(activation( J)).
activation( J) += out( I ) * edge( I , J).

edge(input( X, Y),hidden( X+DX, Y+DY)) = weight( DX, DY).
weight( DX, DY) := random( * , - 1,1) for DX : - 1..1 , DY : - 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 Algorithms Easy

ÅGibbs, MCMC ςflip variable, compute likelihood ratio, accept or reject

ÅIterative algorithms ςloopy belief propagation, numerical 
optimization

ÅNeural networks ςcomputation graphs passing dense matrices

ÅBranch-and-bound, DavisςPutnamςLogemannςLoveland (DPLL)

ÅImplementations and more in:
ÅDyna: Extending Datalog for modern AI. (Eisner & Filardo 2011)

ÅDyna: A non-probabilistic language for probabilistic AI. (Eisner 2009)

16



How much can a declarative language 
save us?
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path_length = distances.get ("end");
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}
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Implementing shortest path

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

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

Dyna (Declarative) Java (Procedural)
placeIndex = new HashMap<String,Integer >();
queue = new PriorityQueue <Integer, Float>();
distances = new float[ num_places] ;
edges = new float[ num_places][ num_places] ; 
// load edges
queue.push ( placesIndex.get ("start"), 0);
while(! queue.empty ()) {

d = queue.pop ();
l = edges[ d.first ()];
for(j = 0; j < l.length ; j++ ) {

n = d.second () + l[j];
if(distances[j] < n) {

distances[j] = n;
queue.push (j, n);

}
}

}
path_length = distances[ placeIndex.get ("end")];
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Implementing shortest path

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

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

Dyna (Declarative) Java (Procedural)

18

placeIndex = new HashMap<String,Integer >();
edges = new float[ num_places][ num_places]; 
// load edges
float distance(from) {

if(from == placeIndex.get ("start")) {
return 0;

}
l = edges[from];
r = infinity;
for(j = 0; j < l.length ; j++ ) {

n = distance(j) + l[j];
if(n < r)

r = n;
}
return r;

}
path_length = distance( placeIndex.get ("end"));



Implementing shortest path

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

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

Dyna (Declarative) Java (Procedural)

18

placeIndex = new HashMap<String,Integer >();
edges = new float[ num_places][ num_places]; 
// load edges
float distance(from) {

if(from == placeIndex.get ("start")) {
return 0;

}
l = edges[from];
r = infinity;
for(j = 0; j < l.length ; j++ ) {

n = distance(j) + l[j];
if(n < r)

r = n;
}
return r;

}
path_length = distance( placeIndex.get ("end"));

A single Dyna program can 
represent hundreds of possible 

implementations.

Other implementations
(not shown here) include A* 
and bidirectional search, and 
choice of data structures to 

support dynamic graphs
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ÅLet all the humans in Zion die
ÅBut restart Zion with 16 females and 7 males (fight another day)
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ÅCƻƭƭƻǿ άŀƴ ŜƳƻǘƛƻƴ ǎǇŜŎƛŦƛŎŀƭƭȅ ŘŜǎƛƎƴŜŘ ǘƻ ƻǾŜǊǿƘŜƭƳ ƭƻƎƛŎ ϧ ǊŜŀǎƻƴέ
ÅSave Trinity

ÅYOLO, figure this out as we go (unknown reward)
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(Randomly sample)
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Outline

ÅWhy Declarative Programming?

ÅQuick introduction to the Dyna language

ÅAutomaticoptimization of Dynaprograms
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Off-line training

Fiddle 
with knobs

Run entire workload

Feedback

Slow!

Å The inefficiency: this loop exploresone policy per run.

Å How do we tighten the loop to get feedback more often?

Open up the solver

Å Reasonable way to tune knobs off-line (used by PhiPac, ATLAS, SATZilla)
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Å Parallelizing independent computations
Å Ordering dependent computations
Å Join strategies
Å Forward vs. backward chaining (update-driven vs. query-driven)
Å Dynamically identify unnecessary computation
Å Short-circuiting, branch-and-bound/A*, watched variables

Å Consolidating related work
Å Static or dynamic batching (consolidating similar tasks, including GPU)

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

Many strong interactions among decisions




