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Matrix Multiplication — What is it good for?
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Quantum Physics Graph Algorithms
Deep Learning
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How to Improve Matrix Multiplication?

aig ain) (big bip\ _ (aiibii+aizbyy aiibip+aipbp
a1 axp) \bx1 by> ax 1bi+axpby1 axibip+axpbrn
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How to Improve Matrix Multiplication?

aig ain) (big bip\ _ (aiibii+aizbyy aiibip+aipbp
a1 axp) \bx1 by> ax 1bi+axpby1 axibip+axpbrn

= 8 multiplications
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How to Improve Matrix Multiplication?

aig ain) (big bip\ _ (aiibii+aizbyy aiibip+aipbp
a1 axp) \bx1 by> ax 1bi+axpby1 axibip+axpbrn
= 8 multiplications

But: Strassen’s Algorithm (Strassen 1973) — 7 multiplications! (-12.5%)
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But: Strassen’s Algorithm (Strassen 1973) — 7 multiplications! (-12.5%)

And: Can compose multiplication algorithms for large matrices.
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= 8 multiplications

But: Strassen’s Algorithm (Strassen 1973) — 7 multiplications! (-12.5%)
And: Can compose multiplication algorithms for large matrices.

Q: How to find better algorithms?
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How to Improve Matrix Multiplication?

aig ain) (big bip\ _ (aiibii+aizbyy aiibip+aipbp
a1 axp) \bx1 by> ax 1bi+axpby1 axibip+axpbrn

— 8 multiplications
But: Strassen’s Algorithm (Strassen 1973) — 7 multiplications! (-12.5%)
And: Can compose multiplication algorithms for large matrices.
Q: How to find better algorithms?

Rich space of matrix multiplication algorithms can be formalized as decompositions of a
specific 3D-tensor (Strassen 1969)!
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How to Improve Matrix Multiplication?

aig ain) (big bip\ _ (aiibii+aizbyy aiibip+aipbp
a1 axp) \bx1 by> ax 1bi+axpby1 axibip+axpbrn
= 8 multiplications

But: Strassen’s Algorithm (Strassen 1973) — 7 multiplications! (-12.5%)
And: Can compose multiplication algorithms for large matrices.
Q: How to find better algorithms?

Rich space of matrix multiplication algorithms can be formalized as decompositions of a
specific 3D-tensor (Strassen 1969)!

AlphaTensor: Reinforcement learning agent that discovered new and faster algorithms
using MCTS (Fawzi et al. 2022)
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How to Improve Matrix Multiplication?

aig ain) (big bip\ _ (aiibii+aizbyy aiibip+aipbp
a1 axp) \bx1 by> ax 1bi+axpby1 axibip+axpbrn
= 8 multiplications

But: Strassen’s Algorithm (Strassen 1973) — 7 multiplications! (-12.5%)
And: Can compose multiplication algorithms for large matrices.
Q: How to find better algorithms?

Rich space of matrix multiplication algorithms can be formalized as decompositions of a
specific 3D-tensor (Strassen 1969)!

AlphaTensor: Reinforcement learning agent that discovered new and faster algorithms
using MCTS (Fawzi etal. 2022) =— Can we model it as a classical planning task?
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Matrix Multiplication as Classical Planning
Strassen’s Algorithm (in Zj)
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State

Actions
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Matrix Multiplication as Classical Planning
Strassen’s Algorithm (in Z,)
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Experiments

Setup
18 instances of MM problems
MM sizes: 1 x 1 to 3 x 3
Up to 134 million operators
Optimal and satisficing planning
4 planning systems
Different search techniques
10 hours and 80 GB on a single
CPU core

*X: Concrete algorithm with X
multiplications
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Conclusions

Matrix Multiplication can be modeled as classical planning

Encoding preserves completeness and optimality
Off-the-shelf planners can tackle non-trivial instances
Interesting & challenging domain

Confirmation of known bounds
Future Work: Domain-specific pruning functions / heuristics
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Matrix Multiplication as Tensor Decomposition

Strassen’s Algorithm (in Z,)
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[1110010]
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my = (a1 +axn)

my = (a1 +an) by

m3 = ay1(b12 +b2n)

my = ax (b1 +bi1)

ms = (ar) +ai2)bx

me = (a1 +ai1)(b11 +b12)
m7 = (a2 +axn) (b2 +bxn)
cly =my+mg+ms+my
Cl2 = m3 +ms

€21 =my+ny

Ccp = my +my+m3+mg

LINKOPING
IIQ“ UNIVERSITY



Matrix Multiplication as Tensor Decomposition

Strassen’s Algorithm (in Z,)
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Matrix Multiplication as Tensor Decomposition

Strassen’s Algorithm (in Z,)
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my = (a1 +axn) (b1 +b2)
my =|(az1 +an )b}

m3 = ay1(b12 +b2n)

my = ax (b1 +bi1)

ms = (ar) +ai2)bx

me = (a1 +ai1)(b11 +b12)
m7 = (a2 +axn) (b2 +bxn)
cly =myp+mg+ms+my
Cl2 = m3 +ms

e iz

2 = my +Himpi+mz + mg
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