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1. INTRODUCTION

Let X be a v-set (i.e., a set with v elements) whose elements are called points. A t-(v, k, λ)
design is a collection of k-subsets (called blocks) of X with the property that any t-subset
of X is contained in exactly λ blocks. A t-(v, k, λ) design is called simple if no blocks are
repeated, and trivial if every k-subset of X is a block and occurs the same number of times
in the design.

A straightforward approach to the construction of t-(v, k, λ) designs is to consider the
matrix

Mv
t,k := (mi,j), i = 1, . . . ,

(
v
t

)
, j = 1, . . . ,

(
v
k

)
:

The rows of Mv
t,k are indexed by the t-subsets of X and the columns by the k-subsets of X .

We set mi,j := 1 if the ith t-subset is contained in the jth k-subset, otherwise mi,j := 0.
Simple t-(v, k, λ) designs therefore correspond to {0, 1}-solutions x of the system of (vt )
linear equations:

Mv
t,k · x = λ(1, 1, . . . , 1) | .
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Unfortunately, for most designs with interesting parameters v, t, k the size of the matrix
Mv

t,k is prohibitively large. For example, in the case of v = 33, t = 7 and k = 8 the matrix
M33

7,8 has 4 272 048 rows and 13 884 156 columns.
But by assuming a group action on the set X the size of Mv

t,k can be dramatically
reduced. A group G acting on X induces also an action on the set of t-subsets and the set
of k-subsets of X . With At,k = (ai,j) we denote the matrix where aij counts the number
of those elements in the jth orbit of G on the k-subsets of X which contain a representative
of the ith orbit of t-subsets of X . This matrix was introduced by Kramer and Mesner [10].
They observed:

Theorem 1 (see [10]). A simple t-(v, k, λ) design exists with G ≤ Sym(X) as an auto-
morphism group if and only if there is a {0, 1}-solution x to the matrix equation

At,k · x = λ(1, 1, . . . , 1) | . (1)

Taking the group PΓL(2,32) the matrix A7,8 in the above example has 32 rows and 97
columns. Nevertheless it is still a respectable task to find solutions of (1).

Solving eq. (1) is a special instance of the multidimensional subset sum problem which
is known to be NP-complete [5]. This problem is also of interest in other areas such as
cryptography [2, 13], number theory [23], and combinatorial optimization [18].

Finding solutions for this problems requires algorithms which do searching in high-
dimensional spaces. These algorithms can roughly be divided into two classes, depending
on whether they search in a systematic manner for all possible solutions or if they just try
to find one solution.

For finding just one solution the algorithms are mostly randomized, for example simu-
lated annealing, combinatorial optimization, local search [17], and lattice basis reduction
[1, 11, 12, 19]. See [17] for a survey. Recently also algorithms which use Gröbner bases
have been proposed [26, 27].

In [11, 12] the authors used the original lattice basis reduction algorithm (LLL) as
described in [14] and a lattice like the one proposed in [13]. Meanwhile lattice basis
reduction algorithms have been improved. New algorithms were invented by Schnorr, [21,
22, 24]. Also new lattices have been proposed, see [3, 4, 7].

In [1] the authors implemented these new methods and used a slightly different lattice
to find the first simple 7-designs with small parameters.

Meanwhile the lattice basis reduction algorithms are further improved [25] and have
been generalized from the euclidean norm to arbitrary norms [8]. These algorithms are
now strong enough to find new simple 7-designs.

On the contrary, in order to find all {0, 1}-solutions of (1) until now only exhaustive
search techniques based on backtracking have been used. See, for example, [17]. Schmalz
[20] used a graph theoretical approach. He enumerates all solutions implicitely via graphs.

The new approach—using lattice basis reduction [14]—is to construct a basis of the
kernel of the equation


1

At,k

...
1


( x

y

)
=




0
...
0


 , xi ∈ Z, y ∈ Z (2)

which consists of short integer vectors. But the shortest integer vectors (in the euclidean
norm) in the kernel of (2) need not be solutions of our {0, 1}-problem (1). Kaib and
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Ritter proposed in [8] an algorithm which enumerates all solutions with y = ±λ as linear
combination of this short integer basis vectors.

The first step of this algorithm—finding a basis of the kernel—can be done in polynomial
time in the number of columns of the Kramer Mesner matrix Atk with the help of lattice
basis reduction [14]. The explicit enumeration in the second step of [8] is still an exponential
algorithm. But in most cases it is much faster than the brute force enumeration which was
used in the above mentioned algorithms. Thus in some sense this algorithm combines the
two classes of algorithms to solve (1).

2. FROM LINEAR EQUATIONS TO LATTICES

As in [1] we transform the Kramer Mesner matrix Atk with l rows and s columns into the
matrix 



c01 0

c0Atk

...
...

c01 0
c12 0 0 c11

. . .
...

...
0 c12 0 c11

0 · · · 0 1 0
0 · · · 0 0 c11




(3)

containing s+ 2 column vectors with l+ s+ 2 rows. The set of all integer linear combina-
tions of these vectors is called a lattice. The maximal number of (R)-linear independent
vectors in this lattice is called the rank of the lattice. A minimal set of vectors which
generates the lattice is called a basis of the lattice. Important in our context are bases
which contain short vectors. These are called reduced bases if they fulfill certain criteria
of shortness, see [14]. See further Section 3.

The lattice L spanned by the columns of the matrix (3) has the column vectors of the
matrix itself as a basis. This basis is reduced with the algorithm proposed in [25] to a
new basis.

Definition 1. Let L ⊂ R
n be a lattice of rank m. For 1 ≤ p < ∞ the norm defined by

the mapping

‖ · ‖p : R
n → R, x 7→ ‖x‖p :=

(
n∑

i=1

|xi|p
)1/p

is called p-norm. The norm defined by the mapping

‖ · ‖∞ : R
n → R, x 7→ ‖x‖∞ := max{|xi||1 ≤ i ≤ n}

is called ∞-norm.

(1) For 1 ≤ p ≤ ∞ we call a vector ∈ L p-shortest if it is a shortest nonzero vector in
L in p-norm.

(2) The successive minima λ1, . . . , λm of L are defined through: λi = λi(L) is the
smallest radius r of a ball centered at the origin which contains exactly i linearly
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independent lattice vectors. Thusλ1(L)denotes the (euclidean) length of a 2-shortest
vector in L.

If we set in (3) c1 = λ and c0 > λ, the ∞-shortest vectors of the lattice with an entry
equal to ±c1 in line l + s + 1 are {0, 1}-solutions of the eq. (1), because

1. Every integer solution (x1, . . . , xs)
⊥ of (1) can be regarded as linear combination

of the columns of the matrix (3) multiplied by ±(x1, . . . , xs,−λ, ·).
2. Every integer linear combination of the columns which does not correspond to a

solution of (1) contains at least one nonzero entry in the first l coefficients. Since
it is a multiple of c0 and c0 > λ, the ∞-norm of this linear combination is greater
than λ.

3. Every integer linear combination which corresponds to a solution of (1) contains only
zeros in the first l lines. Only {0, 1}-linear combinations of the first s columns plus
or minus the last column can give a vector which contains only entries with absolute
value less or equal to c1 = λ in line l + 1 to l + s and l + s + 2 and simultaneously
only zeros in the lines 1 to l.

A {0, 1}-solution of the system (1) therefore corresponds to a vector in L which consists of
zeros in the first l rows and has only the entries −1 · c1 or 1 · c1 in the rows l+1, . . . , l+ s.
Further, in row l + s + 1 and l + s + 2 it contains ±λ and ±c1, respectively.

Until now only reduction techniques (see Sec. 3) for the norm p = 2 are working
efficiently. To find a ∞-shortest vector we have to employ backtracking methods. Since
the 2-norm and the ∞-norm are equivalent (for all x ∈ R

n: ‖x‖∞ ≤ ‖x‖2 ≤ √
n‖x‖∞) it

is reasonable to use 2-short vectors to find the ∞-shortest vectors.
Let 〈·, ·〉 denote the ordinary inner product in R

n, n ∈ N. For a sequence of linear inde-
pendent vectors b1, . . . , bm ∈ R

n we let b∗1, . . . , b
∗
m be the Gram–Schmidt orthogonalized

sequence. We thus have

b∗i := bi −
i−1∑
j=1

µi,jb
∗
j for i = 1, . . . ,m, where µi,j =

〈bi, b∗j 〉
〈b∗j , b∗j 〉

. (4)

Definition 2. For an (ordered) basis b1, b2, . . . , bm of a lattice L ⊂ R
n and 1 ≤ i ≤

m,πi(v) is the orthogonal projection of v ∈ R
n into 〈b1, b2, . . . , bi−1〉⊥.

Li := πi(L) is the orthogonal projection of the lattice L into 〈b1, b2, . . . , bi−1〉⊥.

Since

v =

m∑
j=1

〈v, b∗j 〉b∗j

we see that

πi(v) =
m∑
j=i

〈v, b∗j 〉b∗j . (5)

3. IMPROVED LATTICE BASIS REDUCTION

In the first step of the algorithm we compute an integer basis of the kernel of the eq. (2)
with lattice basis reduction. The original algorithm (LLL) for lattice basis reduction of
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Lenstra, Lenstra, and Lovász [14] reduces a basis b1, b2, . . . , bm of the lattice L ⊂ R
n. In

this section we only use the euclidean norm:

Algorithm 1 (LLL-algorithm, see [14]).
set k := 1.
do until k = m− 1 :

1. For j = 1, . . . , k− 1 replace bk by bk − rbj , where r = dµk,jc is the nearest integer
to µk,j .

2. if δ‖b∗k‖2 > ‖b∗k+1 + µk+1,kb
∗
k‖2 then interchange bk+1 and bk and set k :=

max(k − 1, 1),
otherwise set k := k + 1.

Remark 1. With step 1 of the algorithm we achieve that the LLL-reduced basis vectors
are ‘‘as orthogonal as possible’’.

In step 2 of the algorithm we compare two vectors: The projection of bk on the subspace
orthogonal to 〈b1, b2, . . . , bk−1〉⊥ and the projection of bk+1 on the same subspace. Then
we take the vector which gives the shorter projection as the new vector bk.

In [14] the authors give an upper bound on the euclidean length of the reduced basis
vectors:

‖bi‖2
2 ≤ λ2

i ·
(

4

4δ − 1

)m−1

(6)

A generalization of this algorithm is Korkine–Zolotarev reduction where we not only
compare the euclidean length of the projections of bk and bk+1 on the subspace 〈b1, b2, . . . ,
bk−1〉⊥ but we search for the integer linear combination ukbk + uk+1bk+1 + · · · + unbn
which gives the shortest nontrivial projection on 〈b1, b2, . . . , bk−1〉⊥.

Since there is no algorithm to find the shortest nontrivial projection in polynomial time
in the number of vectors (n− k), Schnorr restricted the search to blocks of β vectors [22,
24]: The integer linear combination ukbk +uk+1bk+1 + · · ·+uk+β−1bk+β−1 which gives
the shortest nontrivial projection on 〈b1, b2, . . . , bk−1〉⊥ is found by explicit enumeration.
See further [24] and [25] for improved versions with better estimates for the reduced bases.

We want to compute an integer basis of the kernel of (2). The lattice vectors which
correspond to elements of the kernel of (2) contain only zeros in the first z entries. Practical
experience shows that it is sufficient to set the constant c0 equal to (s + 2)2 in order to
compute a integer basis of the kernel of (2) with the above lattice basis reduction algorithm.

4. EXPLICIT ENUMERATION

After computing an integer basis of the kernel of the eq. (2) we remove all nonkernel
vectors from the lattice and remove the first l lines of the remaining vectors, because they
only contain zeros.

Now we search for all integer linear combinations of these remaining kernel basis vectors
which correspond to {0, 1}-solutions of (1), i.e., which only consist of ±c1 entries. We
adapted the algorithm of Kaib and Ritter [8] to find the ∞-shortest vectors in the above
lattice. The use of 〈b1, b2, . . . , bi〉⊥ and the lattices Li is motivated by
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1. Korkine–Zolotarev reduction: A basis b1, b2, . . . , bm is called Korkine–Zolotarev
reduced if

bi = λ1(Li), for 1 ≤ i ≤ m.

2. Blockwise Korkine–Zolotarev reduction: Since there is no polynomial algorithm
to find a Korkine–Zolotarev reduced basis, Schnorr [24] proposed an algorithm
which constructs a basis where only blocks with fixed length of basis vectors are
Korkine–Zolotarev reduced. This blocks are reduced by explicit enumeration which
has exponential runtime in the block length.

3. It is easy to see that L1 = L. If we can find a shortest vector in Li we can find
a shortest vector in L. We will see that there is an algorithm which computes (in
exponential time) the p-shortest vector in Li. It is a backtracking algorithm which
uses information about p-short vectors in Li to compute p-short vectors in Li−1.

For the first two points see [9, 21, 24]. We will not exploit them any further here. We are
interested in the third point, especially for p = ∞. For this let us have a closer look on the
projection πi defined in (5):

As above let the Gram–Schmidt vectors be b∗1, b
∗
2, . . . , b

∗
m together with their Gram–

Schmidt coefficients µi,j :=
〈bi,b∗j 〉
〈b∗

j
,b∗

j
〉 for i > j. We set µi,i := 1. It follows for every basis

vector bt and j ≤ t:

πj(bt) =
t∑

i=j

µt,ib
∗
i .

And since πj(·) is a linear mapping it follows for ut, ut+1, . . . , um ∈ Z:

πj


 m∑

t=j

utbt


 =

m∑
t=j

ut

t∑
i=j

µt,ib
∗
i .

Reordering of the summands gives

πj


 m∑

t=j

utbt


 =

m∑
s=j

b∗s
m∑
i=s

uiµi,s.

With cs := ‖b∗s‖2
2 for 1 ≤ s ≤ m it follows∥∥∥∥∥∥πj


 m∑

t=j

utbt



∥∥∥∥∥∥

2

2

=
m∑
s=j

(
m∑
i=s

uiµi,s

)2

cs.

For the speed of the enumeration algorithm the following relation between the projections
πj(
∑m

t=j utbt) and πj+1(
∑m

t=j+1 utbt) is crucial:

πj


 m∑

t=j

utbt


 =


 m∑

i=j

uiµi,j


 b∗j + πj+1


 m∑

t=j+1

utbt


 , (7)

hence ∥∥∥∥∥∥πj


 m∑

t=j

utbt



∥∥∥∥∥∥

2

2

=


 m∑

i=j

uiµi,j




2

cj +

∥∥∥∥∥∥πj+1


 m∑

t=j+1

utbt



∥∥∥∥∥∥

2

2

. (8)
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It means we have to compute (
∑m

i=j uiµi,j)
2cj to get from stage j + 1 to stage j of the

algorithm.

Definition 3. For uj , uj+1, . . . , um ∈ Z we write wj := πj(
∑m

t=j utbt).

The backtracking algorithm tries all possible integer values for um, um−1, . . . , u1. Starting
from t = m it computes wt for m ≥ t ≥ 1 and finally w1 =

∑m
i=1 uibi.

Remark 2. If uj+1, uj+2, . . . , um ∈ Z are fixed and uj ∈ Z has to be choosen such that
‖wj‖2

2 is minimal, then uj has to be set to the nearest integer to −∑m
i=j+1 uiµi,j , since

‖wj‖2
2 =

∥∥∥∥∥∥πj


 m∑

t=j

utbt



∥∥∥∥∥∥

2

2

=


uj +

m∑
i=j+1

uiµi,j




2

cj +

∥∥∥∥∥∥πj+1


 m∑

t=j+1

utbt



∥∥∥∥∥∥

2

2

.

We are searching for the p-shortest vector with 1 ≤ p ≤ ∞. The solutions of our system
of linear equations (2) are the ∞-shortest vectors in the lattice generated by the vectors in
(3), but we describe the search for the p-shortest vector in L for arbitrary 1 ≤ p ≤ ∞.

Let F be an upper bound of the p-shortest vector of L. Since all p-norms in R
n are

equivalent, there exist constants rp, Rp such that rp‖x‖p ≤ ‖x‖2 ≤ Rp‖x‖p for all x ∈ R
n.

Therefore a p-shortest vector v has 2-norm ‖v‖2 ≤ RpF and in order to find p-shortest
vectors we enumerate all vectors with 2-norm not greater than RpF .

Moreover, Kaib and Ritter [8] use Hölders inequality to combine the search for p-shortest
vectors with enumeration in 2-norm:

Theorem 2. If for fixed uj , uj+1, . . . , um ∈ Z there exist u1, u2, . . . , uj−1 ∈ Z with
‖∑m

i=1 uibi‖p ≤ F, then for all yj , yj+1, . . . , ym ∈ R:∣∣∣∣∣∣
m∑
i=j

yi‖wi‖2
2

∣∣∣∣∣∣ ≤ F ·
∥∥∥∥∥∥

m∑
i=j

yiwi

∥∥∥∥∥∥
q

(9)

with 1 ≤ q ≤ ∞ such that 1/p + 1/q = 1.

Proof. For l < i we see from (7) that there exist xl, xl+1, . . . , xi−1 ∈ R such that

wl = xlb
∗
l + wl+1 = xlb

∗
l + xl+1b

∗
l+1 + wl+2 = · · · = xlb

∗
l + · · · + xi−1b

∗
i−1 + wi.

It follows

〈wl − wi, wi〉 = 〈xlb
∗
l + · · · + xi−1b

∗
i−1, wi〉 = 0,

since wi is a linear combination of b∗i , . . . , b
∗
m. Therefore, if l < i,

〈wl, wi〉 = 〈wi, wi〉.
If there exist u1, u2, . . . , um ∈ Z with ‖w1‖p = ‖∑m

i=1 uibi‖p ≤ F then Hölders inequal-
ity gives for an arbitrary vector v ∈ R

n:

|〈w1, v〉| ≤ ‖w1‖p‖v‖q ≤ F · ‖v‖q.
And it follows:∣∣∣∣∣∣

m∑
i=j

yi‖wi‖2
2

∣∣∣∣∣∣ =

∣∣∣∣∣∣
m∑
i=j

yi〈wi, wi〉
∣∣∣∣∣∣ =

∣∣∣∣∣∣
m∑
i=j

yi〈w1, wi〉
∣∣∣∣∣∣ =

∣∣∣∣∣∣
〈
w1,

m∑
i=j

yiwi

〉∣∣∣∣∣∣
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≤ ‖w1‖p

∥∥∥∥∥∥
m∑
i=j

yiwi

∥∥∥∥∥∥
q

≤ F ·
∥∥∥∥∥∥

m∑
i=j

yiwi

∥∥∥∥∥∥
q

.

It remains to select yj , . . . , ym appropriately to enable an early recognition of enumer-
ation branches which cannot yield solutions. Kaib and Ritter [8] proposed the following
selection:

1. (yj , yj+1, . . . , ym) = (1, 0, . . . , 0): Test if ‖wj‖2
2 ≤ F‖wj‖q.

2. (yj , yj+1, . . . , ym) = (η, 1 − η, 0, . . . , 0) with η ∈]0, 1[.

Let us say wj = xb∗j + wj+1 for an x ∈ R. Then for every successive w′
j in the same

direction, that means every w′
j = (x + r)b∗j + wj+1 with r ∈ Z and having the same sign

as x, we have for η := x
x+r :

wj = ηw′
j + (1 − η)wj+1 and 0 < η < 1. (10)

If w′
j can lead to a solution, then from (9) it follows for every η ∈]0, 1[:

η‖w′
j‖2

2 + (1 − η)‖wj+1‖2
2 ≤ F‖ηw′

j + (1 − η)wj+1‖q. (11)

With (10) the inequality reduces to

‖wj‖2
2 ≤ F‖wj‖q.

Here 0 ≤ η ≤ 1 is needed.
Therefore we can cut the enumeration in the direction of x if ‖wj‖2

2 > F‖wj‖q. This
results in the following algorithm:

Algorithm 2.

1. Compute a LLL-reduced integer basis of the kernel of the linear system (1): Choose
c0 large enough such that the number of remaining columns will be equal to s− l+2
and LLL-reduce the matrix (3).

2. Remove the columns with nonzero entries in the first l rows. From the remaining
columns remove the first l rows (the zero entries).

3. Compute for the remaining columns b1, . . . , bm the Gram–Schmidt vectors
b∗1, b

∗
2, . . . , b

∗
m with their Gram–Schmidt coef ficients µi,j , see (4).

4. Set j := 1; Set F := upper bound of the p-shortest vector in L. Set F̄ := R2
pF

2.

5. Do the search loop:

while j ≤ m
Compute wj from wj+1.
if ‖wj‖2

2 > F̄ then
j := j + 1
NEXT(uj)

else
if j > 1 then

if PRUNE(uj) then
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if onedirection then
j := j + 1
NEXT(uj)

else
onedirection := true
NEXT(uj)

end if
else

j := j − 1
y :=

∑m
i=j+1 uiµi,j

uj := round(−y)
onedirection := false

end if
else /∗ (j = 1) ∗/

PRINT u1, . . . , um

NEXT(uj)
end if

end if
end while

The procedure NEXT determines the next value of the variable uj . Initially uj is set to the
nearest value of −yj := −∑m

i=j+1 uiµi,j , say u1
j . The next value (u2

j ) of uj is the second
nearest integer to −yj then follows u3

j and so forth. Therefore the values of uj alternate
around −yj . If PRUNE is true for one value of uj we do one more jump around −yj , then
the enumeration is only proceeded in this remaining direction until it is pruned again, see
Figure 1. If p = 2 the procedure PRUNE(uj) is equivalent to the first test ‖wj‖2

2 > F̄ and
hence the (expensive) computation of the wj 's can be avoided. Actually for p = 2 Kannan
[9] already proposed this method. And he noticed that in each level we have to test only two
values of uj :u

1
j and u2

j . For arbitrary p with and q such that 1/p + 1/q = 1 the procedure
PRUNE looks like this:

Algorithm 3. Choose yj , . . . , ym

PRUNE(uj)
if |∑m

i=j yi‖wi‖2
2| ≤ F · ‖∑m

i=j yiwi‖q

FIG. 1. Enumeration With Pruning.
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Return false
else

Return true
end if

Some improvements can be made in order to speed up the algorithm:

1. We do not have to compute wj in order to test if ‖wj‖2
2 > RpF = F̄ . Since

‖wj‖2
2 = (uj + yj)

2 · ‖b∗j‖2
2 + ‖wj+1‖2

2

we can keep track of ‖wj‖2
2 and test if ‖wj‖2

2 > RpF = F̄ . This test is cheap and
we only compute wj if it succeeds.

2. We can stop the enumeration of a branch if there is a row i where |wj,i| /= λ or if
|wj,n| /= 1 and b1,i = b2,i = · · · = bj−1,i = 0. In this case w1,i will stay unchanged
for all selections of u1, . . . , uj−1.

3. Since multiplication of the solution vector with −1 yields the same solution of (1)
we always choose the last nonzero coefficient ut > 0.

4. Another choice of (yj , yj+1, . . . , ym) in (9) and Algorithm 3 is yj := 1 and yj+1 :=
−1: We know from (7) and (8) that,

wj =


 m∑

i=j

uiµi,j


 b∗j + wj+1,

respectively,

‖wj‖2
2 =


 m∑

i=j

uiµi,j




2

‖b∗j‖2
2 + ‖wj+1‖2

2.

Using yj = 1 and yj+1 = −1 the inequality (9) results in∣∣∣∣∣∣
m∑
i=j

uiµi,j

∣∣∣∣∣∣ ≤ F · ‖b
∗
j‖1

‖b∗j‖2
2

.

If we precompute F · ‖b∗j ‖1

‖b∗
j
‖2
2

this test is also very cheap.

5. RESULTS

We used the algorithm to find all 7-(33,8,10) designs with automorphism group PΓL(2,32)
acting on the projective line GF(32) ∪{∞}. With the lexicographic numbering

1: ∞ 5: x + 1 ∈ F32

2: 0 ∈ F32 6: x2 ∈ F32

3: 1 ∈ F32

...
...

4: x ∈ F32 33: x4 + x3 + x2 + x + 1 ∈ F32

the following set of strong generators α1, α2, α3, α4 for a Sims-chain of PΓL(2,32) was
used:
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α1 = (4, 29, 15, 18, 6)(5, 28, 14, 19, 7)(8, 27, 24, 31, 22)

(9, 26, 25, 30, 23)(10, 21, 32, 16, 12)(11, 20, 33, 17, 13)

α2 = (3, 33, 9, 19, 6)(4, 17, 30, 25, 12)(5, 18, 29, 8, 16)

(7, 32, 26, 24, 23)(10, 15, 21, 13, 31)(11, 20, 22, 28, 27)

α3 = (2, 33, 26, 11, 15, 14, 21, 22, 7, 3)(4, 18, 6, 32, 9, 16, 30, 10, 20, 13)

(5, 17)(8, 19, 29, 27, 24, 12, 31, 25, 23, 28)

α4 = (1, 33, 7, 15, 16, 14, 5, 13, 24, 3)(4, 10, 32, 27, 29, 28, 26, 31, 17, 19)

(6, 23, 9, 30, 22, 8, 21, 18, 11, 12)(20, 25).

The algorithm described in [1] produced a 32 × 97 matrix which is a permutation of the
rows and columns of the matrix in [16], generated by another set of permutations.

The method of [1] in its first version found only 1 solution for λ = 10. It was Brendan
McKay who observed with his general integer backtracking algorithm that there are more
than one solutions. In fact he estimated the number of solutions to be between 5 and 7
million. He also estimated that his backtracking algorithm would have taken 100 years to
enumerate all these solutions with the computers we had at hand at that time.

For each of the two matrices the above Algorithm 2 found that there are 4 996 426
solutions for λ = 10 and that there are no solutions for other values of λ beside the
complementary designs with λ = 16. All these solutions give nonisomorphic designs: By
[15] PΓL(2,32) is a maximal subgroup of S33. Therefore the full automorphism group
could be either PΓL(2,32) or S33. The latter case is impossible, since it would require all
8-subsets to be included into the design because of the transitivity of S33 on X .
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