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the query

“What is the average travel time from PHL to YTH?”
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“what is the average travel time from phl to yth?”

∙ Function ftrip calculates travel time for a single trip

ftrip = talight − tboard

PHL NYC YTH

NER@PHL NER@NYC RNY

tboard =

split((¬NER@PHL)∗,

NER@PHL 7→ time

,

(¬NER@NYC)∗,NER@NYC,RNY)

∙ favg = iter-avg(ftrip)
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introducing drex

∙ Language based on the idea of function combinators

∙ DReX is a simple, expressive programming model for stream
processing, with strong theoretical foundations and fast
evaluation algorithms
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drex is a … “… simple, expressive programming model …”

Small collection of core combinators

Basic functions: data 7→ cost

, regex 7→ term

Conditional choice: f else g
Concatenation: split-plus(f,g), split-min(f,g), split-left(f,g),

split-right(f,g), …
Function iteration: iter-plus(f), iter-max(f), iter-avg(f),

iter-mdn(f), …
Cost operations: f1 + f2, f1 − f2, max(f1, f2), …

, f[x/g]

Structural operators decoupled from cost operators!
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drex is a … “… simple, expressive programming model …”

What about concatenation?

w1 ∈ D∗ w2 ∈ D∗

f g Output

op split-left

split-right

Are these combinators “sufficient”?
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drex is a … “… simple, expressive programming model …”

What about iteration?

w1 w2 wk−1 wk

op

δ δ δ δ

g g g g

f f f f

∙ Data stream is a sequence of bank transactions
∙ Interest applied at end of each month

∙ Map input streams to terms over the cost domain
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drex is a … “… simple, expressive programming model …”

Function descriptions are modular

currLoc: {phl, nyc, yth, ...}
totalTime: int, tripCount: int
tBoard: int
while exists next event e:
if e is (ner, phl) and currLoc = phl:

tBoard := e.time
currLoc := ...

elif ...:
...
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drex is a … “… simple, expressive programming model …”

DReX allows regular parsing of the input data stream

∙ Unrestricted global choice: f else g
∙ Iteration patterns part of query, not of the data: iter-avg(ftrip)
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drex is a … “…with robust expressiveness, …”

∙ Expressively equivalent to regular string-to-term
transformations

∙ Multiple characterizations: MSO-definable graph
transformations, streaming string-to-term transducers,
two-way finite state transducers

∙ Closed under various operations: regular look-ahead, input
reversal, function composition etc.
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drex is a … “…with robust expressiveness, …”

Streaming string-to-term transducers

q0start q1

d ≥ 0/bal := bal + d

d = endm/bal := bal + 10

d < 0/bal := bal + d d ∈ R/bal := bal + d

d = endm
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drex is a … “…with robust expressiveness, …”

Taste of the completeness proof

∙ Piggy-back on DFA to regular expression translation
Construct Ri(q,q′): all strings from q to q′ while only
traversing states less than qi

∙ Construct fi(q,q′, x): express final value of register x as a
DReX expression
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drex is a … “…with robust expressiveness, …”

Taste of the completeness proof

∙ Capture data flows using “shapes”
∙ Construct a partial order over shapes, and use as basis for
induction

x

y

z

x

y

z
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drex is a … “…and with fast evaluation algorithms”

One-pass evaluation algorithm for unambiguous expressions

∙ f(w) can be computed in time O(|w| · poly(|f|))
∙ Separating intent from evaluation
∙ Space-efficient evaluation where possible
∗, +, −, min, max, avg

∙ Approximation algorithms for the masses: iter-median
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drex is a … “…and with fast evaluation algorithms”

∙ Require that expressions be “unambiguous”
∙ Informally, restricts number of alternative parse trees
∙ Not burdensome

1 i j n
f is defined g is defined

f is defined
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drex is a … “…and with fast evaluation algorithms”
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status

Done: Expressiveness theorems and evaluation
algorithms
Alur, Freilich, R, LICS 2014
Alur, D’Antoni, R, POPL 2015
Alur, Fisman, R, Unpublished 2015

Ongoing: Approximation algorithms, case studies, static
analysis
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thank you!
try it out at http://drexonline.com

http://drexonline.com
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