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(a *2)/ 2 = a2



(a *2)/ 2 = a2

REWRITE!



(a *2)/ 2 = a2
REWRITE!

Useful
(x *y) / z=x*(y/ z)

X / x =1

X * 1

X



(a *2)/ 2 = a2

REWRITE!
Useful L ess Useful
(x *y) / z=x%*(y / z) X ¥ 2 = x << 1
X / x =1 X ¥y =y *x

X * 1

X X =X * 1



(a *2) / 2

“happy path”

(x *y) / z=x*(y/ z)
x / X =1

X ¥ 1 = X



(a *2)/2=a*(2/2)

“happy path”

(x *y) / z=x*(y/ z)
x / X =1

X ¥ 1 = X



(a *2)/2=>a* (2/2)=a%*1

“happy path”

(x *y) / z=x*(y/ z)
x / x =1

X ¥ 1 = X



(a*2)/2=>a*((2/2)=a*1=a

“happy path”

(x *y) / z=x*(y/ z)
x / x =1

X ¥ 1 = X



(a*2)/2=>a*((2/2)=a*1=a

“happy path”

(x *y) /z=x%*(y/ z)
X / x =1 V

X ¥ 1 = X



(a *2) / 2

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a*2) /2= (a<x<1l) /2

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order

(a ¥ 2)/ 2

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order

(a*2) /2= (2*a)/2

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order

(a*2) /2= (2*a)/ 2= (a*x2)/2

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order
(a*2) /22R¥ay7 2> @272 X

diverge

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order
(a*2) /22R¥ay7 2> @272 X

diverge

d

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order
(a*2) /22R¥ay7 2> @272 X

diverge

a = a * 1

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order
(a*2) /22R¥ay7 2> @272 X

diverge

a = a*l=>a*1*1

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a *2) /2= (a<<1) /2 X order
(a*2) /22R¥ay7 2> @272 X

diverge

a=>a*1=>a*1*1=_. X infinitesize

Pitfalls

X * 2 =x<<1
X ¥y =y *X
X =X *1



(a*2) /2= (a<x<1l) /2

X order

(a*2)/2z2*ay/ > (a*2y72 X

diverge
a=>a*1=>a*1*1=_. X infinitesize
- ~ Pitfalls
. : | X ¥ 2 =x<<1
Critical for other inputs! X *y =y *x
\_ Y, X =X *1




(a *2)/ 2 = a2

Which rewrite? When?

Useful L ess Useful
(x *y) / z=x%*(y/ z) X ¥ 2 = X << 1
X/ x =1 X ¥y =y *x

X * 1 =X x = x * 1



(a *2) /2= a
Which rewrite? When?

Equality Saturation

Try applying all the rules in every order!



(a *2) /2= a
Which rewrite? When?

Equality Saturation

Try applying all the rules in every order?!



E-graphs

Data structure from Greg Nelson’s PhD thesis (1980)

Used for congruence closure (Downey, Sethi, Tarjan 1980)

o Intuition: union-find (Tarjan 1975) but function-aware
Key for equality and uninterpreted funcs (EUF) theory in SMT
o Intuition: the “glue” that connects other theories to SAT

Historically: “baked in” to SMT solvers, no general libraries (=






E-graphs
:! e-classes contain e-nodes (ops) ]
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E-graphs
:! e-classes contain e-nodes (ops) ]
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* e-nodes’ arguments are e-classes! ]




e-classes contain e-nodes (ops) ]

E-graphs
/

* e-nodes’ arguments are e-classes! ]

a 2 4 N R
e-graphs maximize sharing
(no copies of same e-node)

Y




This e-classes represents

(a * 2) / 2

~




ns: applying rewrite rules
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X ¥ 2 5 x<k< 1



ns: applying rewrite rules

This e-classes represents
a*2 and a<«1

~

X ¥ 2 5 x<k< 1



ns: applying rewrite rules
/f This e-classes represents
//\ (a*2)/2 and (a<<1)/2
I \
*oo<K ,
(\__J\ This e-classes represents
LS a*2 and a<«1
al|l2]||1

X ¥ 2 5 x<k< 1



ns: applying rewrite rules

/ This e-classes represents

//\ (a*2)/2 and (a<<1)/2
I -
*<K ,
(\__J\ This e-classes represents
=4 a*2 and a<«1
al|l2]||1
-

E-graphs never forget.

X ¥ 2 5 x<k< 1 . .
Rewrites don’t lose info!

&




ns: applying rewrite rules

X *¥2 > x<<1 (x*y)/z — x*(y/z)



ns: applying rewrite rules

X *¥2 > x<<1 (x*y)/z — x*(y/z)

/ N
I Vo
* gL
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e
a 2 1

X/ x —1

X ¥*1 — X



E-graphs: compact representation

p
Rewrites can shrink e-graphs!

® 6 — 5eclasses

E-graphs can represent e terms

e a, a *1, a*1 * 1, ..

E-graphs can “saturate”

e learnallderivableeqgs | 4

\

/ [\
I V]
K8 /
S
a 2 1

X/ x —1

X ¥*1 — X




Equality Saturation

e Technique first used in Denali (Joshi, Nelson, Randall 2002)
o Optimizing straight-line assembly kernels for Alpha

e Extended to loopsin Peggy
o Coined term “Equality Saturation”
o Coinductive stream operators for algebraic loop rewrites

o Used Rete algo from expert sys for incremental e-matching



Equality Saturation

[ initial term 1




Equality Saturation

[ initial term }:{>[ e-graph }




Equality Saturation

[ initial term }:{>[ e-graph }

J

rewrite




Equality Saturation

[ initial term }:{>[ e-graph }

J

rewrite

till saturation
or timeout




Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

J

rewrite

till saturation
or timeout




greedy (size), ILP (CSE), GA, ... |

Equality Saturation

[ initial term } —> [ e-graph }:{> [optimized termJ

J

rewrite

till saturation
or timeout




Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

(=2

rewrite




Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

N

find pattern
(“e-match”)




Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

N

find pattern
(“e-match”)

74

apply match




Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

2 N

restore find pattern
invariants (“e-match”)

N 74

apply match




Equality Saturation

[ initial term } —> [ e-graph }:{> [optimized termJ

2 N

restore find pattern
invariants (“e-match”)

[ N 74

congruence
ly match
a=b = f(a)=f(b) PPy mate




Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

.

restore find pattern
invariants (“e-match”)

[ congruence @ L@

ly match
a=b = f(a) =f(b) PPy matt




Equality Saturation

Goal make it fast'

[ initial term } egrapZJ@ optlmlzedtermJ

restore "‘ flnd pattern
hot loop

invariants Y (“e-match”)

[ congruence @

ly match
a=b = f(a) =f(b) PPy matt




egg EqSat Toolkit G

I I N N N

Deferred invariant maintenance & batching
Relational e-matching

E-class analyses

TR

Rewrite rule synthesis with Ruler

Applications

A 3D CAD in Szalinski, FP Accuracy in Herbie, Lib Learning in Babble, ...
1  EVMsimplify @ Certora, wasm JIT @ Fastly, datapath optimize @ Intel, ...



Equality Saturation

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
for rw in rewrites:
for (subst, ec) in egraph.ematch(rw.1lhs):
ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)

return egraph.extract_best()



Equality Saturation

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
for rw in rewrites:

read

for (subst, ec) in egraph.ematch(rw.1lhs):

ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)

return egraph.extract_best()




Equality Saturation

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout(): read
for rw in rewrites:
for (subst, ec) in egraph.ematch(rw.lhs): Write

ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)

return egraph.extract_best()



Equality Saturation

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
for rw in rewrites:

read

for (subst, ec) in egraph.ematch(rw.1lhs):

ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)

write

restore invariant

return egraph.extract_best()




Equality Saturation

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr) .
e rewrites are ordered
while not egraph.is_saturated_or_timeout():

for rw in rewrites: e read/write interleaved
for (subst, ec) in egraph.ematch(rw.1lhs): . . .
ec2 = egraph.add(rw.rhs.subst(subst)) © more invariant maint

e menzRlEs, G e invariants baked-in

return egraph.extract_best()



Deferred Invariant Maintenance in egg

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
matches = []
for rw in rewrites:
for (subst, ec) in egraph.ematch(rw.lhs):
matches.append((rw, subst, ec))
for (rw, subst, ec) in matches:
ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)
egraph.rebuild()

return egraph.extract_best()



Deferred Invariant Maintenance in egg

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
matches = []

for rw in rewrites:
for (subst, ec) in egraph.ematch(rw.lhs):
matches.append((rw, subst, ec))

for (rw, subst, ec) 1in matches:
ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)
egraph.rebuild()

return egraph.extract_best()



Deferred Invariant Maintenance in egg

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
matches = []

for rw in rewrites:
for (subst, ec) in egraph.ematch(rw.lhs):
matches.append((rw, subst, ec))

for (rw, subst, ec) in matches:
ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)

egraph. rebuild()

return egraph.extract_best()



Deferred Invariant Maintenance in egg

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():
matches = []

for rw in rewrites:
for (subst, ec) in egraph.ematch(rw.lhs):
matches.append((rw, subst, ec))

for (rw, subst, ec) in matches:
ec2 = egraph.add(rw.rhs.subst(subst))
egraph.merge(ec, ec2)

LegFaph.rebui-ld()

return egraph.extract_best()



Deferred Invariant Maintenance in egg

def equality_saturation(expr, rewrites):
egraph = initial_egraph(expr)

while not egraph.is_saturated_or_timeout():

batch reads matches = []

for rw in Fgwrites:
batch writes for (subst, ec) in egraph.ematch(rw.lhs):

(invariants broken) matches.append((rw, subst, ec))

for (rw, subst, ec) in matches:
ec2 = egraph.add(rw.rhs.subst(subst))

invariants restored egraph.merge(ec, ec2)

once per iteration \egraph. rebuild)

return egraph.extract_best()



[ initial term ] —> { e-graph ] — {optimized term]
75

[ restore all in\\//ariants] find all patterns
apply all matches

Versus

[ initial term ]l:(>[ e-graph ]@[optimizedterm}

@ — S
restore invariants find pattern
D 2

apply match




Rebuilding is faster

Rebuilding once per iteration

Congruence time (sec) - linear scale

1200 1

[
o
o
o

800 1

600 1

400 1

200+

1eqqg
deferring Is much faster

200 400 600 800 1000
Rebuilding every merge

1200

J




Rebuilding is faster

Speedup (log scale)

300x 1
100x€
30x—i
10><-E
3x-:
1x -

0.3X +m

Rewrites applied so far

test is 30x .
faster
» (o]
¢
o 4 °
(5]
e (@]
- o %Qj. ".Q' o
:—0—."'& o
10° 10! 102 10®  10* 105  10°




Why is rebuilding is faster?
e Considerf (x)...f (x)andy, ...y

e Workload: merge(x,y,) ... merge(x,y )
e Traditional: O(n?) hashcons updates

e Deferred only does O(n) updates
ﬁ Downey, Sethi, Tarjan 1980 ]




Why is rebuilding is faster?

- +~h
X S

N




Why is rebuilding is faster?

N




Why is rebuilding is faster?

N




Why is rebuilding is faster?

N




More amortization via batchingin egg

[ initial term } —> [ e-graph }:{> [optimized termJ

% N
restore all find all
Invariants patterns

N 4

apply all matches



More amortization via batchingin egg

[ initial terms m] — [ e-graph } —) [optimized termJ

\.
\.

A\

/C/h\ ™\ restore all find all

unk entire

set of inputs invariants patterns
inpu

into a single % ‘f
_ e-graph! , apply all matches




More amortization via batchingin egg

\.
\.

A\

/C/hwk entire\

u
set of inputs
into a single

< e-graph! y

[ initial terms m]@[ e-graph }:{{

2 N

restore all find all
invariants patterns
apply all matches

optimized term

\

R

xtract
optimized
term from

each root.
\_

J

J




More amortization via batchingin egg

\.
\.

A\

/C/hwk entire\

u
set of inputs
into a single

< e-graph! y

[ initial terms Jﬂ}@[ e-graph J:{{

% N

Shared optimization

+ “e-graph seeding”

optimized term

\

R

xtract
optimized
term from

each root.
\_

J

J




E-graphs in Herbie

(—b)+\/b-b—4-(a-c)
2-a




E-graphs in Herbie

(—b)+\/b-b—4-(a-c)
2-a




E-graphs in Herbie

(—b)++/b-b—4-(a-c)

2 . a 40%

J’ 24%

if b < —2.1714197031320663 - 101114 :
b
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elif g < 2.9809086538561536 - 10 1%3 :
\/fma(b,b,c-(a- —4))—b

a-2
elif b < 3.095118518558678 - 10720 :
to:=4-(a-c)

ty- 28
(—b)—/b-b—to
else :

O



E-graphs in Herbie

(—b)+\/b-b—-4-(a-c)
2-a

|
if b < —2.1714197031320663 - 101114 :
b

elif g < 2.9809086538561536 - 10 1%3 :
\/fma(b,b,c-(a- —4))—b

a-2
elif b < 3.095118518558678 - 10720 :
to:=4-(a-c)

ty- 28
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else :
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b
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o
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egg Herble

10¢ ] 5022.0
(=b) + +/ 1 (98.1% of total run time)

103 4

- ——— 1
1 e+l02 e+205 2e

P R IR R B IS

if b < —2.17141¢
b

49.4

elif b s 2.980904 (68.7%)

\/ fma(b,b,c:(a-—4))
a-2
elif b < 3.095114

107 4

22.4
(48.8%)

Minutes spent in simplification

foi=4-(a-q <10
to-o&—5 ]

L L o B St e e |

else : '
100 - Mw\«/\‘
- initial Racket  + batching + rebuilding egg .

implementation 1 e+102 e+205 2e+308
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egg EqSat Toolkit G

I U N N

Deferred invariant maintenance & batching
Relational e-matching

E-class analyses

TR

Rewrite rule synthesis with Ruler

Applications

A 3D CAD in Szalinski, FP Accuracy in Herbie, Lib Learning in Babble, ...
1  EVMsimplify @ Certora, wasm JIT @ Fastly, datapath optimize @ Intel, ...



egg’s Equality Saturation

[ initial term } —> [ e-graph 1:{> [optimized termJ

2 N

restore all find all
invariants patterns

N 74

apply all matches




egg’s Equality Saturation

[ initial term ] —> [ e-graph ]:D [optimized term]

2 N

restore all find all
invariants patterns

74

[Now that this is fast... | matches




egg’s Equality Saturation

[ initial term ] —> [ e-graph ]:D [optimized term]

2 N

restore all find all
invariants patterns

N\ N\

[Now that this is fast... }l {we bottleneck on matching - ]




E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes

e Substs guaranteed to be represented by the matched e-graph



E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes

e Substs guaranteed to be represented by the matched e-graph



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes

e Substs guaranteed to be represented by the matched e-graph

a1, &(1)) {a~ 1}
f2, 82)) {a~2}
fla, g(a)) will match . ,witnessed by ... .
f(N, g(N)) {a~ N}



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes

e Substs guaranteed to be represented by the matched e-graph

() —— — f1, 8(1)) {ar 1}
Lf) (] . [f) fz. 82) {a~2}
S e . T fla, g(a) will match .. ,witnessed by .. .
........................ f(N, g(N)) {a~ N}

........................................................ f(1, &(1))
.......... .......... .......... f(1, @ willmatch  f(7, 8(2)), witnessed by {a~ c}.

fi1, 8N)

.............................................



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes
e Substs guaranteed to be represented by the matched e-graph

e NP-complete wrt to pattern size (Kozen 1977) &

() —— — f1, 8(1)) {ar 1}
Lf) (] . [f) fz. 82) {a~2}
S e . T fla, g(a) will match .. ,witnessed by .. .
f(N, g(N)) {a~ N}

........................................................ f(1, &(1))
.......... .......... .......... f(1, @ willmatch  f(7, 8(2)), witnessed by {a~ c}.

2] ) fi1, 8N)

.............................................



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes

e Substs guaranteed to be represented by the matched e-graph

e NP-complete wrt to pattern size (Kozen 1977)

/\n/'l\\ (o 1)

But patterns are often small... }

J(IV, (SllV// “u vy

f(1, 8(1)
f(1, @) willmatch f(7, g(2)), witnessed by {a+~ C}-

11, gN)
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E-matching: pattern matching over e-graphs

e [-matching: find substs from pattern variables to e-classes
e Substs guaranteed to be represented by the matched e-graph

e NP-complete wrt to pattern size (Kozen 1977) &

/\n/'l\\ (o 1)

But patterns are often small... }

VALALIALA/) et vy

_ #of matches is much better metric!

11, gN)


https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

Traditional e-matching via backtracking

....................................................

.......... ..........

..........

.............................................
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Traditional e-matching via backtracking

(AN RN Iy fla, g(a)

() (g [g] v

.......... ..........

for e-class ¢ in e-graph E:

.............................................

ch fla, g(@)

Backtracking sear
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Traditional e-matching via backtracking

f(l,cg )

L) - U fla, g(@)

(&) ()| (&) {

........................................................ §
.............................. : | fi2c,)
for e-class ¢ in e-graph E: < ¢
L e for f-node n  in c: ;
oo
g
fiN,c,)
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Traditional e-matching via backtracking

f(l,cg )

g b - L fla, g(@)

.......... ..........

for e-class ¢ in e-graph E:

............... R @I St for f-node n  in c:
subst = {root » ¢, o » n,.child }

f(2, c, )

Backtracking search f(a, g(a))

f(N, c, )



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

Traditional e-matching via backtracking

fic,)  gl1)

R fla, g(a) g(2)

(&) (e (e) ) o)

................................................................. f(Z,C) (l)
i for e-class ¢ in e-graph E: ’ g2
=

............... St I D for f-node n, in c:

subst = {root » ¢, o » n,.child } g(N)

Backtracking search f(a, g(a))

for g-node n, in n .child,:
fiN,c,)  &(1)
g(2)

' g(N)
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Traditional e-matching via backtracking

fic,)  gl1)

R fla, g(a) g(2)

(&) (e (e) ) o)

........................................................

......... . S| flae) gl

for e-class ¢ in e-graph E: < ¢ 2(2)
L B ) for f-node n, in c: 3 .
subst = {root » ¢, o » n .child} = g(N)

for g-node n, in n .child,: f"'
if subst[a] = n_.child,: ne 8

' g(N)
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Traditional e-matching via backtracking

fic,)  gl1)

o ) e U fla, g(a) g(2)

(&) (e (e) ) o)

........................................................

......... . S| flae) gl

for e-class ¢ in e-graph E: S ¢ 2(2)
L B ) for f-node n, in c: 3 .
subst = {root » ¢, o » n .child} = g(N)

for g-node n, in n .child,:
if subst[a] = n,.child.:
yield subst

fiN.c,)  g(1)
g(2)

' g(N)
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Traditional e-matching via backtracking

fic,)  gl1)

R fla, g(a) g(2)

(&) (e (e) ) o)

........................................................

......... , S| flae) gl

for e-class ¢ in e-graph E: < ¢ 2(2)
L B ) for f-node n  in c: 3 .
subst = {root » ¢, o » n .child} = g(N)

for g-node n, in n ,.child :
if subst[o] = n,.child.:

fiN.c,)  g(1)
g(2)

' g(N)
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Traditional e-matching via backtracking

flle,)  gl1)
.. . .. g(2)
e Many optimizations in literature
o custom VMs for “CSE” g(N)
. flzc,)  gl1)

o specific patterns

g(2)
o mod-time analysis g(N)

Backtracking search f(a, g(a))

fine,)  g()
: g(2)
e No data complexity bounds!

g(N)



Key insight: e-matchingis a DB
problem!

E-matching in e-graphs Conjunctive queries in DBs
Finding substitutions such Finding substitutions such
that substituted terms are that substituted atoms are

represented in an e-graph. presentin a relational DB.



egg’s relational e-matching



egg’s relational e-matching L)

fla, g(a))
g(fla, a)

e Given e-graph + patterns 0

o]
LR =]
(2)=e )i~



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1fZtByQkqOzEH-4C6jaiZB1n1h51VUf2Q

egg’s relational e-matching

e Given e-graph + patterns

e Transform e-graph to tables

; A -
D ]| (&)
D @ 3 @ 3

Rf @ Rg
id arg, arg id arg,
G 1 ¢ C 1
G 2 < ¢ 2
o w5 "

fla, g(a@)
g(fla, a)
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egg’s relational e-matching

e Given e-graph + patterns
e Transform e-graph to tables

e Compile patterns to queries

fla, g(a))

g(fla, a)

V

; A -
D &) | (&)
D @ 3 @ 3

Rf @ Rg
id arg, arg id arg,
G 1 ¢ c 1
G 2 < ¢ 2
o w5 "

Q(root, a)
Rf(root, Q, X), Rg(x, Q)
Q(root, a)

Rg(root, X), Rf(x, a, q)
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egg’s relational e-matching .@A@ g =
o fla, 8(@)
CD ]| [¢] g(fia, a)
e Given e-graph + patterns 0 ﬁ- . W
e Transform e-graph to tables ! !
Ry Re [
e Compile patterns to queries d g, arg, i arg, | Qlroot o)
¢ 1 g < ; R{root, a, ), R (x, a)
e UseDBgqueryenginetoe-match! =~ = * [ . . (r(?g:o;t:f)(;a o
C N & o o
G N (o g \/_

m
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egg’s relational e-matching

e Given e-graph + patterns

e Transform e-graph to tables

e Compile patterns to queries

e Use DB query engine to e-match!

e Derive bounds from DB theory!

=l N
2
= o

Rf @ Rg
id arg, arg, id arg,
G 1 ¢ c 1
G 2 < ¢ 2
o w5 "

fla, g(a))
g(fla, a)

V

Q(root, a)
Rf(root, Q, X), Rg(x, Q)
Q(root, a)

Rg(root, X), Rf(x, a, q)

m. K
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E-graphs as tables (relational DBs)

Ry

id arg, arg,
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E-graphs as tables (relational DBs)

Ry

id arg, arg,

[ every e-node becomes a row



https://app.diagrams.net/?page-id=Sdr3cvBIpXlINCJNsRdY&scale=auto#G1hwwFkpb52rq4czo4QrpQd9y3aslb0H-A

E-match patterns as conjunctive queries

f(a, g(a))



E-match patterns as conjunctive queries

f(a, g(a))

N

Q(root, a) <
R (root, a, x), Rg(x, a)



E-match patterns as conjunctive queries

fla, g(a)) ind - O

for (x, a) in Rg:
\ ind.insert((x, a))

Q(root, a) <
R (root, a, x), Rg(x, a)

R, 1)
R(c, 2)

build hash

R (Cor N)



E-match patterns as conjunctive queries

fla, g(a)) ind - O

\ for (x, a) in Rg:

ind.insert((x, a))
for (root, a, x) in R.:

if (o, x) in ind:
Q(rOOt, a) «— ' inldx{r;::tls root, o » o}
R.(root, a, x), Rg(x, a) (-

| Recg 1 R{c, 1, ¢,) ;
2 R(u 2 3| R(G2¢)
R (c,, N) Ric., N, ¢) ¢




Why is relational e-matching faster?

fla, ga)) Q(root, a) <
R (root, a, x), Rg(x, a)

Enum all terms of shape f(a, g(B)) Build indices on both a and x.

Check if a = only before yielding Only enum terms where constraints
on both xand a are satisfied.

structural equality
constraints constraints




Data complexity results (see paper)

THEOREM 9. Relational e-matching is worst-case optimal; that is, fix a pattern p, let M(p, E) be
the set of substitutions yielded by e-matching on an e-graph E with N e-nodes, relational e-matching

runs in time O(maxg(|M(p,E)|)).

THEOREM 10. Fix an e-graph E with N e-nodes that compiles to a database I, and a fix pattern p
that compiles to conjunctive query Q(X) « Ry(X3),...,Ryn(X.,). Relational e-matching p on E runs

in time O (VIR X TLIR1) < 0 (\IQWI X N7).




asymptotic speedup

Relational e-matching
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New Capabilities:

x = matmul(a, b),
y = matmul(a, c)
X = splitl(matmul(a,concat(b, c))),

y

split2(matmul(a,concat(b, c)))



New Capabilities:

X
y

search for two patterns
anywhere in the e-graph

matmul(a, b),
matmul(a, c¢)

]

—)

X
y

splitl(matmul(a,concat(b, c))),
split2(matmul(a,concat(b, c)))



New Capabilities:

X = matmul(a, b),
y = matmul(a, c)

search for two patterns
anywhere in the e-graph

—)

X = splitl(matmul(a,concat(b, c))),

y = split2(matmul(a,concat(b, c)))/\\L__\

r

perform two merges, each on a
separate e-class!




egg EqSat Toolkit G

L LS N

Deferred invariant maintenance & batching
Relational e-matching

E-class analyses

TR

Rewrite rule synthesis with Ruler

Applications

A 3D CAD in Szalinski, FP Accuracy in Herbie, Lib Learning in Babble, ...
1  EVMsimplify @ Certora, wasm JIT @ Fastly, datapath optimize @ Intel, ...



Syntactic rewriting is not enough...

e How many rules do we need for constant folding?
o 2+2—>4, 3+4 —>6, 4+ 6 — 10, ... alot!
e What about satisfying guards for conditional rules?

o x / x — 1onlyokif x <> ©

e In general, many optimizations depend on analyses!

o nullability, tensor shape, intervals, free variables, ...



Constant folding

e Option<Number> per eclass

e trytoeval new e-nodes

e Option “or” on merge




Constant folding

Option<Number> per eclass /
2
try to eval new e-nodes .
THIAN
Option “or” on merge R\
a 2
It propagates up! 2

merge(a, 2)



E-class analyses

One fact per e-class from a join-semilattice D

make(n) —d_
o make a new analysis value for a new e-node

join(d_,d_)—d_
o combine two analysis values

modify(c) — ¢’
o change the e-class (optionally)



E-class analysis invariant

for each e-class fixed point
| /
\'4

VeeG. d. = \/ make(n) and modify(c) =c

nec

AN

Analysis data is LUB
(lattice properties)

|




Program analysis modulo equivalence

e Tightest summary
over all equivalent
represented terms!

To demonstrate an advantage of this approach, consider
the following example, for x € [0,1],y € [1, 2], where the
following concrete-equivalences are discovered via rewrit-
ing:

2y 1
Sl = [‘3’51 ()
XY _
o~ v € [-2,0] (6)
2X
~ m_l e [-1,1]. (7)

The interval associated with the e-class containing these
three expressions is [—3, %] N[-2,0] Nn[-1,1] = [-1,0]. We

Sam Coward et al. (2022)




Program analywwmlgnce

.................. proach Conslder
. [1, 2], where the
vered via rewrit-

e Tightest summary
over all equivalent
represented terms!

e Virtuous cycle: TR W LT 2,0] )
facts enable rewrites, IOHOIRC]
rewrites improve facts! | e msaegn

fcontaining these

I three expressions is [—3, %] N[-2,0] Nn[-1,1] = [-1,0]. We

o (b) Applying 1% — é

Sam Coward et al. (2022)
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A 3D CAD in Szalinski, FP Accuracy in Herbie, Lib Learning in Babble, ...
1  EVMsimplify @ Certora, wasm JIT @ Fastly, datapath optimize @ Intel, ...






& &O

e EgSatandeggcanonly be as good as user’srules...



&
e EgSatandeggcanonly be as good as user’srules...

4 h

Where do rules come from?

e Typically hand written by experts

e Time consuming, often takes years

e Toofew /too many/unsound rules

& /




A 3-step approach for inferring rewrite rules

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...



A 3-step approach for inferring rewrite rules

Enumerate terms
from a grammar

a,b,0,+, ...

.X)/\//

%)

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...




A 3-step approach for inferring rewrite rules

Enumerate terms Find candidates: interpret
from a grammar over concrete inputs

a,b,0,+, ... \:@\:\' “Fingerprints”

X)/\// >(>/\//

wUL

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...




A 3-step approach for inferring rewrite rules

Enumerate terms Find candidates: interpret
from a grammar over concrete inputs

a,b,0,+, ... @ “Fingerprints”

X)/\// >(>/\//

wUL

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...




A 3-step approach for inferring rewrite rules

Enumerate terms Find candidates: interpret
from a grammar over concrete inputs

a,b,0,+, ... @ “Fingerprints”

X)/\// >(>/\//

wUL

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...




A 3-step approach for inferring rewrite rules

Enumerate terms Find candidates: interpret
from a grammar over concrete inputs

a,b,0,+, ... @ “Fingerprints”

X)/\// X%\//

wUL

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...




A 3-step approach for inferring rewrite rules

Enumerate terms Find candidates: interpret Filter candidates to
from a grammar over concrete inputs get final ruleset

a,b,0,+, ... @ “Fingerprints” Remove redundant rules

X)/\// >(>/\//

wUL

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...




A 3-step approach for inferring rewrite rules

Enumerate terms Find candidates: interpret Filter candidates to
from a grammar over concrete inputs get final ruleset

Too man
y Hard to find a

small, useful

Exponentially candidates, some

many terms! potentially
ruleset
unsound!

Joshi et al. 2002, Bansal et al. 2006, Singh et al. 2016, Menendez et al. 2017, ...



A 3-step approach for inferring rewrite rules

Inferring Small, Useful Rulesets Faster
using Equality Saturation!

Equality Saturation for not just applying
rewrites, but also inferring them!



Grammar

e: = x, 0,

e + e, e * e, .

Interpreter

match e {

const =>
var (v) =>
el + e2 =>
el * e2 =>

const

lookup (V)

eval (el) + eval(e2)
eval (el) * eval(e2)

Validator

SMT / model check / fuzz

)

Ruler

Term Enumeration .
Modulo Candidate Rule Rule Selection
Generation

Equivalence

Enumeration
Candidate Generation

Rule Selection

Rewrites

n-n I = o = O

o -

g

(X + ¥) & Z
(X = ¥Y) * 2



Grammar

e::= x, 0,

e + e’ e * e’ “ee

Interpreter

match e {

const =>
var (v) =>
el + e2 =>
el * e2 =>

const

lookup (V)

eval (el) + eval(e2)
eval (el) * eval(e2)

Validator

SMT / model check / fuzz

)

Ruler

Term Enumeration Candidate Rule
Modulo Generation
Equivalence

’ Rule Selection }

Enumeration

Rewrites

N = O = O

|
o -

(x + ) & 2z
(X = ¥Y) * 2



Enumeration modulo equality saturation

a,b,0,+, ...

Noqv/a

"2
Exponentially
many terms!



Enumeration modulo equality saturation

a,b,0,+, ... E-classes

— e o oy, — e o oy, — e oy, — e - oy,

T L R T R T I

Exponentially Enumerate over an
many terms! E-graph




Enumeration modulo equality saturation

a, b0+ ... E-classes

(X + X) + (X + V)
i

(X + X) + (y + X)

Exponentially Enumerate over an Apply current ruleset
many terms! E-graph (X +y) = (y + X)




Enumeration modulo equality saturation

a, b0+ ... E-classes Merge equivalent terms

+ + +

'+ + o+ + + ...

\ \/ 0
Exponentially Enumerate over an Apply current ruleset
many terms! E-graph (X +y) = (y + X)

_|_




Enumeration modulo equality saturation

Shrinks the term space by applying

rewrites as they are learned!



Grammar

e::= x, 0,

e +e, e * e, .

Interpreter

match e {

const =>
var (v) =>
el + e2 =>
el * e2 =>

const

lookup (V)

eval (el) + eval(e2)
eval (el) * eval(e2)

Validator

SMT / model check / fuzz

)

Ruler

Term Enumeration ;
Modulo Candldate.RuIe Rule Selection
Generation

Equivalence

Candidate Generation

Rewrites

N = O = O

I
o -

e

(X + ¥) & Z
(X = ¥Y) * 2



Candidate generation by characteristic
vector matching

__________

a b 0

1 3 0

5 5 0 Seed initial E-classes with concrete
. e 0 values (cvecs) from the domain

4 5 0




Candidate generation by characteristic
vector matching

Compute the cvecs for newly
enumerated E-classes

Seed initial E-classes with concrete
values (cvecs) from the domain




Candidate generation by characteristic
vector matching

<>
Compute the cvecs for newly (X +y) (y + x)

enumerated E-classes

Seed initial E-classes with concrete
values (cvecs) from the domain




Candidate generation by characteristic
vector matching

<>
Compute the cvecs for newly (X +y) (y + x)

enumerated E-classes

(x + O) =-» X

Seed initial E-classes with concrete
values (cvecs) from the domain




Candidate generation by characteristic
vector matching

Comp
en

values

ute the cvecs for newly

Umerated E-classes

Seed initial E-classes with concrete

(cvecs) from the domain

(X +y) = (y + X)

(x + O) =-» X

Validate candidates

using SMT, fuzzing,

model checking




Grammar

e::= x, 0,

e + e’ e * e’ “ee

Interpreter

match e {

const =>
var (v) =>
el + e2 =>
el * e2 =>

const

lookup (V)

eval (el) + eval(e2)
eval (el) * eval(e2)

Validator

SMT / model check / fuzz

)

Ruler

Term Enumeration Candidate Rule
Modulo Generation
Equivalence

’ Rule Selection }

Rule Selection

Rewrites

N = O = O

|
o -

(x + ) & 2z
(X = ¥Y) * 2



Rule selection with equality saturation

(X +y) == (y + X)
(x + O) =» (O + X)
(y + 0) <> (O +Y)
(X *y) = (y* X)
(X*1) -==-» (I* Xx)
(y*1) = (I1*y)



Rule selection with equality saturation

Rank sound candidates based on
generality and pick top-k (2)

(X +y) == (y + X)
(X ¥ y) - (y*x)* =
(X + O) =» (O + Xx)
(y + 0) <=» (O +Y)
(x*1) == (I*X)
(y*1) = (I1*y)



Rule selection with equality saturation

Rank sound candidates based on
generality and pick top-k (2)

(X +y) = (y + X)
* R

(X *y) = (y* Xx)
(x + O) =-» (O + x) Instantiate

and add to
(y + 0) <» (O +Y) rule E-graph
(x*1) = (I* x) l
(y*1) = (l*y)



Rule selection with equality saturation

Rank sound candidates based on
generality and pick top-k (2)

(X +y) = (y + X)
* R

(X *y) = (y* Xx)
(x + O) =-» (O + x) Instantiate

and add to
(y + 0) <» (O +Y) rule E-graph
(x*1) = (I* x) l
(y*1) = (l*y)




Rule selection with equality saturation
R’

(X +y) = (y + X)
(X *y) = (y* Xx)

Run equality
saturation

Instantiate s
andaddto | *
rule E-graph

........




Rule selection with equality saturation
R

(X +y) = (y + X)

All four rules are

X*¥y) == * X)
redundant and ( 4 y

therefore discarded! Run equality
saturation
(X + O) =-» (O + Xx) Instantiate
and add to
(y + 0) <= (O +Yy) rule E-graph
(x*1) = (I * x)
(y*1) = (l*y)




Rule selection with equality saturation
R

Continue processing until
(X +y) = (y + X)

candidate set is empty or

has only unsound ones Allfourrulesare (4 ) < (y*x)
| redundant and
left! therefore discarded! Run equality
saturation
(x + O) (O + X) Instantiate
and add to
(y + O) (O +y) rule E-graph

>
<>

(x*1) == (I*X)
<>

(y * 1) (1 * y)




Rule selection with equality saturation
R

(X +y) = (y + X)

Larger top-k makes Ruler taster

Smaller top-k gives smaller rulesets K*y) < (0

See paper for detailed comparison! Run equality

saturation

(x + O) (O + X) Instantiate
and add to
(y + O) (O +y) rule E-graph

<>
<>

(X*1) = (I*X)
->

(y * 1) (1 * y)




Rule selection with equality saturation

Shrinks the candidate space by applying
rewrites as they are learned!



Grammar

e:= x, 0,

e +te, e * e, ..

Interpreter

match e {

const =>
var (v) =>
el + e2 =>
el * e2 =

const

lookup (v)

eval (el) + eval(e2)
eval (el) * eval(e2)

Validator

SMT / model check / fuzz

)

v vV
>

Term Enumeration
Modulo
Equivalence

Ruler

Candidate Rule
Generation

} Rule Selection }

Rewrites

n I = O = O

+ XX XX

<

(X + ¥) * Z
(x * y) * z



Fquality saturation “soundiness”

Equality Saturation amplifies unsoundness!



Fquality saturation “soundiness”

Equality Saturation amplifies unsoundness!

---------

-------------------------

’

--------------------------



Fquality saturation “soundiness”

Equality Saturation amplifies unsoundness!

g‘
—
—

current ruleset

---------

----------

--------------------------



Fquality saturation “soundiness”
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Fquality saturation “soundiness”

Equality Saturation amplifies unsoundness!

@-
—

current ruleset

---------

----------

- Run equality Unsound merge,

saturation on 3
0!=1
term E-graph

-----------------



Implementation

https://github.com/uwplse/ruler

Implemented in Rust

Uses egg tor equality saturation


https://github.com/uwplse/ruler

Fvaluation

Ruler vs Other tools (CVC4)
How do the rulesets compare?



Comparison with CVC4

Parameters Ruler CV(C4 Ruler / CVC4
Domain # Conn | Time (s) #Rules Drv | Time (s) # Rules Drv | Time Rules
bool 2 0.01 20 1 0.13 53 1 0.06 0.38
bool 5 0.06 28 1 0.82 293 1 0.07 0.10
bv4 2 0.14 49 1 4.47 135 0.98 | 0.03 0.36
bv4 3 4.30 212 1 372.26 1978 1 0.01 0.14
bv32 2 13.00 46 0.97 18.53 126 0.93 | 0.70 0.37
bv32 3 630.09 188 0.98 | 1199.53 1782 0.91 0.53 0.11
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Parameters Ruler CV(C4 Ruler / CVC4
Domain # Conn | Time (s) # Rules Drv | Time (s) # Rules Drv | Time Rules
bool 2 0.01 20 1 0.13 53 1 0.06 0.38
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Comparison with CVC4

Parameters Ruler CVC4 Ruler / CVC4
Domain # Conn | Time (s) #Rules Drv | Time (s) # Rules Drv | Time Rules
bool 2 0.01 20 1 0.13 53 1 0.06 0.38
bool 3 0.06 28 1 0.82 293 1 0.07 0.10
bv4 2 0.14 49 1 4.47 135 0.98 | 0.03 0.36
bv4 3 430 272 1 372.26 1978 1 0.01 0.14
bv32 2 | 13.00 46 097 |  18.53 126 0.93 | 0.70 0.37
bv32 3| 630.09 188 0.98 | 1199.53 1782 0.91 | 0.53 0.11

Fraction of the 1782 rules from CVC4

that the 188 rules from Ruler can
derive via equality saturation




Comparison with CVC4

Ruler infers a smaller, useful

ruleset faster

Parameters Ruler CV(C4 Ruler / CVC4
Domain # Conn | Time (s) # Rules Drv | Time (s) # Rules Drv | Time Rules
bool 2 0.01 20 1 0.13 53 1 0.06 0.38
bool 5 0.06 28 1 0.82 293 1 0.07 0.10
bv4 2 0.14 49 1 4.47 135 098 | 0.03 0.36
bv4 3 4.30 272 1 372.26 1978 1 0.01 0.14

b3z 1300 46 097| 1853 126 093 070 037
|_bv3z_ 3| 63009 188 0.98 | 1199.53 1782 053 011



Fvaluation

Ruler vs Humans (Herbie)
Can Ruler compete with experts?



Comparison with human-written rules

sqrt(x+1l) - sqrt(x) — 1/(sqrt(x+l) + sqrt(x))

Herbie detects inaccurate expressions and finds more accurate replacements. The red
expression is inaccurate when x > 1; Herbie's replacement, in blue, is accurate for all x.



Comparison with human-written rules

wWERBT.

52 rational rules, designed by the

Zc ] D
DO 7 developers over 6 years
sqrt(x+l) - sqrt(x) — 1/(sqrt(x+l) + sqrt(x)) 55 / 155 beﬂChmarkS are pU rely
[ e T D T e e T over rational arithmetic




Comparison with human-written rules

52 rational rules, designed by the
developers over 6 years

sqrt(x+1l) - sqrt(x) — 1/(sqrt(x+l) + sqrt(x)) 55 / 155 ben Ch m a rkS a re p U re l.y
e o415 e T AT ORISR VTR W AT M over rational arithmetic

Herbie can generate more-complex expressions that aren't more precise #2671 et

@XM nbraud opened this issue on Aug 31, 2019 - 4 comments



Comparison with human-written rules

52 rational rules, designed by the
developers over 6 years

sqrt(x+1l) - sqrt(x) — 1/(sqrt(x+l) + sqrt(x)) 55 / 155 ben Ch m a rkS a re p U re l.y
il mmmiphes sttty i oy over rational arithmetic

Herbie can generate more-complex expressions that aren't more precise #2067 et

@XM nbraud opened this issue on Aug 31, 2019 - 4 comments

* > *
[ x*y| [ x =1yl Discovered by Ruler, resolved the GitHub issue!

| x* x| = X * X



Fnd-to-end: rational Herbie

None: Remove all rules
Herbie: Herbie without any changes
Ruler: Herbie with Ruler’s rules

Both: Herbie with both original and Ruler’s rules
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Average bits of error improved

100 -

Rational Herbie: comparing accuracy

200 -

None: Remove all rules

Herbie: Herbie without any changes
Ruler: Herbie with Ruler’s rules

Both: Herbie with both original and Ruler’s rules

Ruler’s rules are at least as good as

the original Herbie rules

Rules used for simplification



AST Size

Rational Herbie: comparing AST size

1000

800 - None: Remove all rules

Herbie: Herbie without any changes

600 -

Ruler: Herbie with Ruler’s rules

Both: Herbie with both original and Ruler’s rules

400 -

200 -

Ruler’s rules are at least as good as
the original Herbie rules

Rules used for simplification




AST Size

1000

800 -

600 -

400 -

200 -

Rational Herbie: comparing AST size

| 1 1 |
None Herbie Ruler Both

Rules used for simplification

See paper for more

results!

None: Remove all rules
Herbie: Herbie without any changes
Ruler: Herbie with Ruler’s rules

Both: Herbie with both original and Ruler’s rules

Ruler’s rules are at least as good as
the original Herbie rules



Rewrite Rule Inference Using Equality Saturation

/ Enumerate terms \

from a grammar

a,b,0,+,...

XV

A/
ez

/Find candidates: interprb

over concrete inputs

@ “F' g p ‘ t 2

XV

A/
CaZy

( Filter candidates to \

get final ruleset

Remove redundant rules

Equality Saturation
Improves
all three steps!

Ruler: https://github.com/uwplse/ruler

00%)
—




egg EqSat Toolkit G

L SN SN N N

Deterred invariant maintenance & batching
Relational e-matching

E-class analyses

M

Rewrite rule synthesis with Ruler

Applications

d 3D CAD in Szalinski, FP Accuracy in Herbie, Lib Learning in Babble, ...
d  EVMsimplity @ Certora, wasm JIT @ Fastly, datapath optimize @ Intel, ...
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Szalinski

facet normal 0 0 O
outer loop
vertex 9150
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endfacet
facet normal 0 0 O
outer loop
vertex 7.5 17.5964 4
vertex 9150
vertex 9 15 4
endloop
endfacet
facet normal0 0 O
outer loop
vertex 4.5 17.5964 0
vertex 7.5 17.5964 4
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endloop
endfacet

~1600 LOC, Mesh




Szalinski

facet normal 0 0 O
outer loop
vertex 9150
vertex 7.5 17.5964 4
vertex 7.5 17.5964 0
endloop
endfacet
facet normal 0 0 O
outer loop
vertex 7.5 17.5964 4
vertex 9150
vertex 9 15 4
endloop
endfacet
facet normal0 0 O
outer loop
vertex 4.5 17.5964 0
vertex 7.5 17.5964 4
vertex 4.5 17.5964 4
endloop
endfacet

~1600 LOC, Mesh

W J9|Idwoosp ysaw

(Diff
(Translate (70 15 2)
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(Union
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Szalinski

facet normal0 0 O
outer loop
vertex 9150
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vertex 9150
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facet normal 0 0 O
outer loop
vertex 4.5 17.5964 0
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endloop
endfacet

~1600 LOC, Mesh

W J9|Idwoo9p ysew

(Diff
(Translate (70 15 2)
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Szalinski

Core ’

Caddy

O

4 Caddy | 2

Solvers &
Rewrites

(Difference
(Cuboid [140, 30, 4])
(Fold Union
(Tabulate (i 8)

(Translate [i2 +10i + 6, 15, 2]
(HexPrism [i + 3, 4]))))
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outer loop
vertex 9150
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~1600 LOC, Mesh
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Szalinski

C

(leference
(Cuboid [140, 30, 4))
(Fold Union

(Tabulate (i 8)

(Translate [i% + 10i + 6, 15, 2]

(Cylinder [i + 3, 4])))

Solvers &
Rewntes

' (Difference

(Difference
(Cuboid [140, 30, 4]
(Fold Union
(Tabulate (i 8)

(Translate [i2 +10i + 6, 15, 2]
(HexPrism [i + 3, 4]))))

(Cuboid [140, 30, 4]) /
(Fold Union
Tabulate (i 4) -
(Translate [i2 + 88i + 6, 15, 2]
(HexPrism [i + 3, 4]))))

6 LOC, Caddy

: (Difference
(Cuboid [140, 30, 4])
(Fold Union

.------

--------------

' (Difference
(Cuboid [140, 30, 4)) /

(Fold Union
(Tabulate (i 10)
(Translate [iZ + 10i + 6, 15, 2]
(HexPrism [(i + 3) / 2, 4))))))
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facet normal 0 0 O
outer loop
vertex 9150
vertex 7.5 17.5964 4
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endloop
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endloop
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outer loop
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~1600 LOC, Mesh

(Diff
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(Scale (6 5.196 4)
(Translate (0 O 0)
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Szalinski

C

Solvers &
Rewntes

(leference
(Cuboid [140, 30, 4))
(Fold Union

(Tabulate (i 8)

(Translate [i% + 10i + 6, 15, 2]
(Cylinder [i + 3, 4)))))

(Difference
(Cuboid [140, 30, 4))
(Fold Union
(Tabulate (i 8)
(Translate [i2 +10i + 6, 15, 2]

(HexPrism [i + 3, 4]))))

' (Difference

(Cuboid [140, 30, 4)) /

(Fold Union
Tabulate (i 4) -
(Translate [i + 38i + 6, 15, 2]
(HexPrism [i + 3, 4]))))

6 LOC, Caddy
edits
: (Difference
(Cuboid [140, 30, 4])

(Fold Union

' (Difference
(Cuboid [140, 30, 4))
(Fold Union

(Tabulate (i 10)
(Translate [iZ + 10i + 6, 15, 2]
(HexPrism [(i + 3) / 2, 4))))))

.------- L
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e thousands of models decompiled w/ egg, all <1

second

(Union (Difference
(Cuboid [60, 120, 30])
(Fold Union

(Tabulate (i 5) (j 3)

(Translate [12*i+2,39.3 "+ 2, 2]

(Cuboid [9.6 37.3 28)))))
(Fold Difference
(Map2 Translate
(List [-67, -2, 0] [-65, 0, 2))
(List (Cuboid [65, 125, 6])
(Cuboid [60, 120, 4)))))

(Difference
(Cuboid [57, 30, 30])
(Difference
(Translate [0, 5, 1.5] (Cuboid [57, 25, 27]))
(Fold Union
(Map2 Translate
(Tabulate (i 7) j2) [9 *i, 5,28 - 26.5 * |))
(Concat
(List (Tabulate (i 6) (j 2)
(Cuboid [4.5, 25, | + 0.5]))
(List (Cuboid [3, 25, 0.5])
(Cuboid [3, 25, 1.5)))))

(Difference
(Translate [-57, -3, 3]
(Cuboid [117, 75, 175]))
(Fold Union
(Tabulate (i 10)

(Translate [-51, -3, 16 * i + 6]

(Cuboid [105, 58, 13])))))

(Fold Difference
(List (Union

(Cylinder [100, 80, 80])

(Cylinder [50, 120, 120]))
(Translate [0, 0, -1] (Cylinder [102, 25, 25]))
(Fold Union (Tabulate (i 60)

(Rotate [0, 0, 6 * 1]
(Translate [125, 0, 0]
(Scale [2.5, 1, 1]
(Rotate [0, 0, 45]
(Translate [0, 0, 25]
(Cuboid [10, 10, S2)))NN)

(Fold Union
(Tabulate (i 12)
(Translate [0, 13* i, 0]
(Fold Difference
(List

(Cuboid [563.1 14.5 58))

(Translate [1.5, 1.5, 1.5]
(Cuboid [51.6, 11.5, 56.6]))

(Translate [0 0 58]
(Rotate [0, 45, 0]
(Cuboid [101.5, 14.5, 100)))))

(Fold Union
(Tabulate (i 10) (j 5)
(Translate
[122*i+122,122"]+12.2,0]
(Difference
(Cylinder [13, 7.1, 7.1))
(Translate [0, 0, 3]
(Cylinder [11, 5.1, 5.1]))))))




Library learning with Babble

\2)

(combine
(xform
(repeat (xform line ..
[2 0 0 0])
(xform

(repeat (xform line ..

[1e08]))

(combine (combine
(xform

(repeat (xform line ..

[2.25 @ 8 0]))

(xform
(repeat (xform line ..
[2 00 80]))

(xform

(repeat (xform line ..

[0.5 0 @ 0]))

(combine
(xform
(repeat (xform line
[2 6 0 0])
(xform

(repeat (xfrom line
[1 00 0]))

Q Initial corpus (size 208)

) 6 [1 (2t / 6) @ 0])

.) 6 [1 (2n / 6) @ @])

.) 6 [1 (2t / 6) @ 0])

.) 6 [1 (2n / 6) @ @])

.) 6 [1 (2n / 6) @ @])

...) 8 [1 (2n / 8) @ 0])

...) 6 [1 (2n / 6) @ 0])

library
learning
—

Q Compressed corpus (size 72)

library:
fo = Ax0 x1 -> /1 polygon with x1 sides scaled by x0
xform
(repeat (xform line ...) x1 [1 (2rn / x1) © @])
[x0 @ © 0]

refactored programs:

(combine
(fo 6 2)
(fo 6 1))

(combine (combine
(fo 6 2.25)
(fo 6 2))
(fo 6 0.5))

(combine
(fo 8 2)
(fo 6 1))




Library learning with Babble

0 Initial corpus (size 208) 0 Compressed corpus (size 72)
(combine library:
(xform £0 = A . :
(repeat (xform line ...) 6 [1 (2n / 6) @ 0]) ax;or;e x1 -> /1 polygon with X1 sides scaled by x0
(XE-,,.S, e (repeat (xform line ...) x1 [1 (2rn / x1) © @])
(repeat (xform line ...) 6 [1 (2n / 6) © @]) [x0 @ @ 0]
[1 00 0]))
(combine (combine refactored programs:

(xform .
(repeat (xform line ...) 6 [1 (2n / 6) @ @]) Ilbra.ry (combine
<:> [2.25 @ @ @])) learning (fo 6 2)
' — —
oneseg_body = Arest — circle_ring = An — repeat
1

C( (C(C (T (T (r_s 88) (xform_x 8)) (xform_x -8)) (T (Tc (MB.258180))

(T (T (r_s 16 4.5) (M1 808 2.25)) (M 10 6.53833 8.53833))
(c (xform_x 8))) n
(T (T (r_s 8 B8) (xform_x 8)) (xform_x 8))) (M1 ((2*n) / x8) 8 0)

(T (r.s121) (M18805))) rest

— (ea | || @

circle_ring 4 || circle_ring 8

oneseg_body <antenna> oneseg_body <wheels>

one-segment vehicle body ring of circles




Short Proofs for TV + debugging

Intel Case Study

4

.

Multi-operation circuit optimization and translation validation with egg @

4.7 hours -> 2.3 hours

R

2 Inputs

<< 1

> 2a

> Da + b

» 4a + 2b

> 3a + 3b

4b

»a + 5b

5 outputs




Short Proofs for TV + debugging

Intel Case Study

4

.

Multi-operation circuit optimization and translation validation with egg @

R

4.7 hours -> 2.3 hours

3500 -

3000 -

<< 1

Cumulative

(

N

Ul

o)

o

1
\\\

_ 2000 - '
2 Inputs *

15001 7'/

<<l! 10001 /,

Number of Benchmarks
~
~

500 -

c’.

’n—'

— —
== - -
ge W B ——
e W m—
- -

® =
e p—————
————__ b .
-
——_

—-= Greedy
——= 73
- Unoptimized

I

20

30
DAG Size of Proof Certificate

1

40

1

50 60




egg case studies

[ batchQ
3000x faster

[ shape analy&]
SPORES: linear algebra kernels 1.2-5x better

Herbie: floating point

[ generic li@
Tensat: ML compute graphs 23% better, 48x faster

dynamic rewrites
Szalinski: CAD synthesis 12,000 part eval

< 1s synthesis
..., I'VM, Java testing, vectorization,

hw/sw co-design, educational problemes, ...



egg EqSat Toolkit G
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Deterred invariant maintenance & batching
Relational e-matching

E-class analyses

M

Rewrite rule synthesis with Ruler

Applications

v 3D CAD in Szalinski, FP Accuracy in Herbie, Lib Learning in Babble, ...
v EVM simplity @ Certora, wasm JIT @ Fastly, datapath optimize @ Intel, ...



