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Desiderata for a Cardinality Estimator

• Good accuracy

• Fast estimation time

• Small extra memory for data statistics

• Estimation guarantees: Upper bounds on query output size

Information-theoretic estimators have the potential to fulfil these desiderata!
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Information-Theoretic Upper Bounds on Query Output Size
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AGM bound is not practical

but showed that

existing query engines

were sub-optimal and

set the stage for

follow-up improvements

Pos
tgr

es

Duck
DB

Fac
tor

Join AG
M

10−4 
10−3 
10−2 
10−1 
100  
101  
102  
103  
104  
1010
1018
1028
1038
1048
1060

Es
tim

at
io

n 
Er

ro
r

JOBJoin: 30 queries with 5-14 relations



Evolution of Information-Theoretic Cardinality Upper Bounds

Bounds

Stats

AGM [FOCS08]

cardinalities
on input relations

GLVV [PODS09]

+ functional
dependencies

PANDA [PODS17]

+max-degrees

LpBound [PODS24]

+`p-norms
on degree sequences

??

+your stats

DBs with the same stats profile

Input DB

GLVV bound exploits the

presence of keys in tables.

It remains impractical.
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PANDA bound is used

at RelationalAI.
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LpBound is practical & strictly

generalizes prior bounds:

cardinality = `1-norm

max-degree = `∞-norm

SIGMOD Research 9, Wed 2pm

SIGMOD Demo B, Tue 2.30pm
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New stats?

Further restrictions to

the space of possible DBs?

More accurate bounds?

Still lots to explore!
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The theory advances slowly but surely

towards our desiderata

for cardinality estimation.

Join the effort!


