
 THE MINRANK OF 
RANDOM GRAPHS OVER 

ARBITRARY FIELDS

By: Igor Balla 
Joint work with: Noga Alon, Lior Gishboliner, Adva Mond,  

Frank Mousset



All graphs      will have vertex set G {1, 2, . . . , n}.



All graphs      will have vertex set G {1, 2, . . . , n}.

Definition: An orthogonal representation of      in       is an 
assignment of a nonzero vector               to each vertex     such 
that                      when 

G Rk

i
hvi, vji = 0 ij /2 E(G).

vi 2 Rk



All graphs      will have vertex set G {1, 2, . . . , n}.

Definition: An orthogonal representation of      in       is an 
assignment of a nonzero vector               to each vertex     such 
that                      when 

G Rk

i
hvi, vji = 0 ij /2 E(G).

vi 2 Rk

Question (Knuth 94): What is the minimum     such that the 
random graph                for fixed     has an orthogonal 
representation in       with high probability?

k
G(n, p)

Rk
p



All graphs      will have vertex set G {1, 2, . . . , n}.

Definition: An orthogonal representation of      in       is an 
assignment of a nonzero vector               to each vertex     such 
that                      when 

G Rk

i
hvi, vji = 0 ij /2 E(G).

vi 2 Rk

Question (Knuth 94): What is the minimum     such that the 
random graph                for fixed     has an orthogonal 
representation in       with high probability?

k
G(n, p)

Rk

Note that any graph     has an orthogonal representation in          .G R�(G)

p



All graphs      will have vertex set G {1, 2, . . . , n}.

Definition: An orthogonal representation of      in       is an 
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Question (Knuth 94): What is the minimum     such that the 
random graph                for fixed     has an orthogonal 
representation in       with high probability?

k
G(n, p)

Rk

Note that any graph     has an orthogonal representation in          .G R�(G)

Theorem (Grimmett and McDiarmid 75): For     fixed, the 
random graph                        has chromatic number                                        
                                    with high probability.
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For finite fields     with                    , this result was already 
proven recently by Golovnev, Regev, and Weinstein.
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Proof: Let      be the graph where       is an edge if and only if                      
                . Note that it has                                        edges.
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On the other hand, any independent set in      corresponds to 
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Concluding Remarks

• Note that our result applies to other problems in which one 
represents graphs via polynomial relations, such as unit 
distance graphs, or graphs of touching spheres.

• Haviv used the methods of Golovnev, Regev, and Weinstein 
to randomly construct graphs with large minrank and such that 
their complement does not contain a copy of some     .H

• Nelson recently showed that the zero-pattern bound of 
Rónyai, Babai, and Ganapathy holds for all fields simultaneously 
and this can be used to show that for the random graph, the 
minrank over all fields is                      with high probability.

Done!

⇥(n/ log n)


