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Abstract—Elon Musk’s successful “move fast and break
things” strategy is based on the fact that in many cases, we
do not need to satisfy all usual constraints to be successful. By
sequentially trying smaller number of constraints, he finds the
smallest number of constraints that are still needed to succeed
– and using this smaller number of constrains leads to a much
cheaper (and thus, more practical) design. In this strategy, Musk
relies on his intuition – which, as all intuitions, sometimes works
and sometimes doesn’t. To replace this intuition, we propose
an algorithm that minimizes the worst-case cost of finding the
smallest number of constraints.

Index Terms—optimal design, worst-case cost, move fast and
break things, Elon Musk

I. FORMULATION OF THE PROBLEM

General strategy behind the successes of Elon Musk.
Elon Musk has had many successes in different application
areas: from a successful electronic financial system Paypal to
practical electric cars to effective reusable rockets for space
exploration.

According to a recent semi-authorized biography of Elon
Musk [3] – semi-authorized in the sense that the author was
allowed to follow Musk for several years – Musk’s general
“move fast and break things” strategy (that has led to his
many successes) is motivated by his experience that not all the
constraints that are usually required for a design are actually
necessary. Instead of following all the constraints — which
would make the design very expensive – he tries to find
the smallest number of constraints that are still necessary for
the success. This minimal necessary number of constraints is
usually much smaller than what is currently required. As a
result, his final design – that does not have to follow all the
original constraints – is drastically cheaper.

Musk’s usual strategy for finding the minimal number of
constraints uses the fact that usually, all the constraints can be
naturally sorted in the descending order of their importance
– so that the most important ones are listed first. What
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Musk does is he guesses the minimally necessary number
of constraints, and makes a design based on these many
constraints.

• If the resulting design works – e.g., if the rocket success-
ful reaches the orbit – then he tries to see if some other
constraints are not necessary.

• If the cut was too harsh – and the resulting rocket design
is not successful, the rocket explodes – then he tries a
design in which more original constraints are satisfied.

Comment. Of course, Elon Musk was not the first person to use
intuition in decision making, use of intuition is a well known
practice; see, e.g., [1], [2], [4]. What was novel in his approach
is that he applied intuition to decide how many constraints to
take into account, and, to the best of our knowledge, this paper
is the first to formalize his idea.

Can we replace intuition in this strategy? The above-
described strategy is based on intuition, on guessing the
minimally necessary number of constraints. Sometimes this
intuition works, sometimes it does not: for example, for a
reusable rocket, the first guess, that only 10 constraints are
necessary, led to an explosion. A natural question is: can we
replace intuition with justified recommendations?

How can we replace intuition: an idea. The main objective is
to minimize the cost of this search for this minimal number of
constraints. Usually, Musk deals with a completely new area,
in which there is practically no past experience, so we cannot
come up with meaningful probabilities of different situations.
In such cases, a natural idea is to minimize the worst-case cost
of a strategy.

In finding the strategy that minimizes the cost, we need to
take into account that the cost of each experiment drastically
depends on whether this experiment led or a success or to a
failure: for example, if a rocket blows up, the cost is much
larger that when it successfully returns to Earth. So, we need
to distinguish between the cost of success c and the cost of
failure C – which is much larger than c.

We cannot completely avoid failures – if we do not ex-
perience a failure, how can we be sure that the number of
constraints is indeed the smallest possible? But what we need



to do is to minimize the overall cost of this search, including
the cost of possible failures.

What is known. To the best of our knowledge, this optimiza-
tion problem has not been considered earlier.

What we do in this paper. In this paper, we present a solution
to the corresponding optimization problem.

Remaining open prooblem. At this moment, what we are
proposing is a theoretically justified algorithm, an algorithm
based on the assumptions that the known order of constraint
importance and the known cost estimates are correct. In view
of these two assumptions, it makes sense to consider our
algorithm as the first approximation to the optimal strategy.

It is desirable to analyze – both theoretically and practically
– how to get more accurate strategies, by taking into account
that the real-life situation may be somewhat different from
these two assumptions: some ordering of constraint importance
may be wrong, and the actual cost estimates may differ from
the expert estimates.

II. ANALYSIS OF THE PROBLEM AND THE RESULTING
OPTIMAL ALGORITHM

Problem: reminder. In general, we have a situation in which
we have a list of N0 constrains, and we know that following all
these constraints leads to a success. Let us denote by c(N) the
smallest worst-case cost of a strategy that finds the minimal
necessary number of constraints in a situation when only take
into account the first N out of N0 original constraints.

Proposed algorithm. Suppose that we know the values c, C,
and N0. Then, we take c(1) = 0, and for N = 2, 3, . . . , N0,
we use the formula to sequentially compute the values

c(2), c(3), . . . , c(N0).

In this process, for each value N ≤ N0, we get the value
k(N) that minimizes the expression

c(N) = min
0<k<N

max(c+ c(k), C + c(N − k)).

Then, we select k0 = k(N0) constraints to try.
• If the experiment of satisfying only k0 constraints was

a success, this means that we need to find the smallest
possible number of the selected k0 constraints. In line
with our analysis, we select k(k0) constraints to try.

• If the experiment of satisfying only k0 < N constraints
was a failure, this means that need to find the smallest
possible number of the remaining N − k0 constraints. In
line with our analysis, we select k(N − k0) additional
constraints to try – in addition to the k0 constraints that
turned out to be absolutely necessary.

Numerical example. Suppose that c = 1, C = 2, and N0 = 4.
Here, c(1) = 0. Then, first, we compute

c(2) = max(1 + 0, 2 + 0) = 2.

In this case, k(2) = 2. Then, we compute

c(3) = min
0<k<3

max(c+ c(k), C + c(3− k)) = 3.

In this case, the minimum is attained when k = 2, so k(3) = 2.
After that, we compute

c(4) = min
0<k<4

max(c+ c(k), C + c(3− k)) = 4.

In this case, the minimum is attained when k = 2 or when
k = 3, so we can select both k(4) = 2 or k(4) = 3.

If we select k(4) = 3, then first, we try satisfying only 3
constraints. Then:

• if this results in a success, i.e., if we know that 3
constraints are sufficient, we will then – since k(3) = 2
– need to check if two constraints are sufficient;

• if this results in a failure, then we know that 3 constraints
are not sufficient, so the original 4 constrains is the
smallest number that need to be satisfied.

Comments.
• The number of computation steps of this algorithm is

equal to
(N0 − 1) ·N0

2
.

This is quite feasible, since N0 is usually in the dozens.
• We can compute k(N) even faster if we take into account

that for every c and C, there exists a constant C0 such
that for all N , we have

|c(N)− a · log2(N)| ≤ C0,

where a is the solution to the equation

2−c/a + 2−C/a = 1.

• The optimality and above-mentioned asymptotic property
of our algorithm can be proven similarly to [5]–[8].
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