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Dynamic Step Size Adjustment in Iterative Deepening Search
Speeding up search by choosing on-the-fly when to skip iterations

Daniel Sheridan
djsheridan@sms.ed.ac.uk

Abstract: If an iterative procedure has the property that solutions at a given iteration are also found at later iterations, a correct implementation could skip
iterations. We look at the conditions required for skipping to be worthwhile and discuss methods for approximating the optimal step size while the search
progresses.

Step size in IDS
Suppose we are in the middle of an iterative deepening search. We have had i
iterations and reached depth i in the search space. Next iteration, we will cover a
little more, too:

Iterations 0 to i

Iteration i+1

But why only go one step deeper? Why not 2? Or 12? In the picture above there
were 18 new nodes so the next iteration, bounded depth first search (BDFS) to
depth i + 1, sees 28 nodes in total. The following iteration iteration, there will be
36 new nodes, making 64 in total for depth i + 2. But if we miss out depth i + 1
we explore the same amount of the search space but look at 28 fewer nodes!

Iterations 0 to i

Iteration i+1

Solution

1
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36

28

64

Nodes Cost of BDFS

This time, we got it wrong: by jumping forward, we had to explore 64 nodes
to find the solution, rather than 28: the cost of jumping was to explore 36 nodes
more than had we not jumped. If the solution was at depth i+2 or greater, jumping
would have saved us 28 nodes.
Consider the tree below, with an average branching factor of only 1.5. In this
case, going one step at a time we would be examining 9 nodes at depth i + 1 ver-
sus 13 nodes for going directly to depth i + 2. If the solution is at i + 1, jumping
costs 4 nodes more; if the solution is at i + 2 or greater, jumping saves 9 nodes.

Iterations 0 to i

Iteration i+1
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A dynamic approach
It is clear that the branching of the search space impacts the risk of jumping ahead
during IDS. But in many real problems, we do not know the structure of the search
space. The solution presented here is to use the time taken for past iterations of
the search to estimate the rate at which the search space grows. The algorithm
is ‘self-analysing’, adapting its behaviour to the current problem. Approximating
the time taken for a BDFS to depth i, T (i), as bai gives us the following algorithm:

• Initialise: a, b← ∞, current depth i← 0, list of past behaviour B← []

•Until a solution is found, loop:

– Perform BDFS to depth i, recording the time taken in t
– Append the pair 〈i, t〉 to B
– Use best-fit on B to estimate a and b
– Choose ∆ for the best expected saving over plain IDS, based on a and b.
– i← i + ∆

The choice of ∆ is made according to a heuristic which estimates the cost of
making a jump versus the potential the jump has for saving time.

Heuristic I: Halfway Point

As a very simple first attempt at a heuristic we can assume that jumping will al-
ways take us past the solution. Clearly the further we jump past the solution, the
more expensive it will be. The HP heuristic assumes we always jump twice as far
as we wanted. The time saving is
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Heuristic II: Constant Probability Depth

A better estimation is to consider where the likelihood of seeing the solution,
assuming that the probability of the solution being at a given depth is constant.

We assume that there is a probability p of seeing the solution between i and i+∆,
and a conditional probability of 1

∆
of seeing the solution at any given depth. The

expected cost of going stepwise is
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So the expected time saving is

bai



















p
∆
∑

j=1

∆ − j + 1
∆

a j
+ (1 − p)

∆
∑

j=1

a j − a∆



















Heuristic III: Constant Probability Node

While the assumption made by CPD may be reasonable for certain problem do-
mains (the likelihood of finding the solution increases with the depth but not the
breadth of the search) it may be more accurate to assume that the probability of
the solution being at a given node is constant. If we assume that the time taken
for each node is constant, the number of new nodes seen between depth i and
depth i+∆ is proportional to ai+∆−ai; after cancelling the constants, the expected

cost of going stepwise given a solution between i and i + ∆ becomes
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So the expected time saving is
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In practice
We cannot really know the value for p to use in an implementation, but if we want
to be sure of saving time, it is sufficient to set p = 0, giving the standard IDS the
benefit of the doubt.

We have implemented the algorithm together with the HP and CPD heuristics in
the bounded model checker in NuSMV. The results below are for priority prop-
erties in a mutual exclusion circuit; for the first, the first solution lies at depth 14;
for the second it is at depth 53.

Priority 1 Priority 2
Method Steps Time (s) Steps Time (s)
Standard all 0.8 all 89

HP 1 2 3 4 9 20 0.4 1 2 3 7 12 23 46 79 7.5
CPD 1 2 3 4 9 26 0.5 1 2 3 4 5 14 55 2.5

Both heuristics give a significant improvement over the standard IDS; we see how
the improvement is cumulative with more iterations. This is partly due to the dy-
namic algorithm having better estimates of the behaviour of the underlying solver
as time goes on, enabling it to be more aggressive with its jumps. CPD starts to
outstrip HP on larger problems as it makes a better estimate of the risk involved
in jumping.

Future work: finding the smallest solution
Normally, IDS gives us the smallest possible solution: the shortest counterex-
ample, the quickest plan, etc. This might not be the first encountered by the
algorithm above. Once a solution is found, we could just do a binary search to
find where the problem first became solvable, taking log2 steps. But the time for
each step depends on what decision is taken: going deeper is more expensive than
going shallower; we must be biased towards the deeper end.

Each decision has a knock-on effect on all later decisions. To balance shallower
with deeper, we must estimate the time taken by the rest of the search. This also
has an effect on the heuristics: there is now an additional cost associated with
jumping which depends on p and the location of the solution.


