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Abstract. Theoretical models for the evaluation of quickly improving search
strategies, like limited discrepancy search, are based on specific assumptions re-
garding the probability that a value selection heuristic makes a correct prediction.
We provide an extensive empirical evaluation of value selection heuristicsfor
knapsack problems. We investigate how the accuracy of search heuristics varies
as a function of depth in the search-tree, and how the accuracies of heuristic pre-
dictions are affected by the relative strength of inference methods like pruning
and constraint propagation.

1 Motivation

The modern understanding [13] of systematic solvers for combinatorial satisfaction and
optimization problems distinguishes between two fundamentally different principles.
The first regards the intelligent reasoning about a given problem or one of its subprob-
lems. In an effort to reduce the combinatorial complexity, solvers try to assess whether
a part of the solution space can contain a feasible or improving solution at all. More-
over, when there is no conclusive evidence with respect to the global problem, solvers
try to eliminate specific variable assignments that can be shown quickly will not lead
to improving or feasible solutions. The principle of reasoning about a problem is called
inferenceand is comprised of techniques like relaxation and pruning,variable fixing,
bound strengthening, and, of course, constraint filtering and propagation. To strengthen
inference, state-of-the-art solvers also incorporate methods like the computation of valid
inequalities and, more generally, no-good learning and redundant constraint generation,
as well as automatic model reformulation.

While inference can be strengthened to a point where it is capable of solving combi-
natorial problems all by itself (consider for instance Gomory’s cutting plane algorithm
for general integer problems [11] or the concept ofk-consistency in binary constraint
programming [8, 3]), today’s most competitive systematic solvers complement the rea-
soning about (sub-)problems with an activesearchfor solutions. The search principle
is in some sense the opposite of inference (see [13]): When reasoning about a problem
we consider the solution space as a whole or even a relaxationthereof (for example
by considering only one constraint at a time or by dropping integrality constraints). In
search, on the other hand, we actually zoom into different parts of the space of potential
solutions. Systematic solvers derive their name from the fashion in which this search
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is conducted. Namely, the space of potential solutions is partitioned and the different
parts are searched systematically. This is in contrast to non-systematic solvers that are
based on, for example, local search techniques. The main aspects of systematic solvers
are how the solution space is partitioned, and in what order the different parts are to be
considered. Both choices have an enormous impact on solution efficiency.

From an intellectual standpoint, we have every right to distinguish between search
and inference in the way we described before. They are two different principles and
constitute orthogonal concepts that each can be applied alone or in combination with
the other. However, it has long been observed that (when applied in combination as
practically all successful systematic solvers in constraint programming, satisfiability,
and mathematical programming do) inference and search needto be harmonized to
work together well (see, e.g. [2]).

Information provided by inference techniques can also be used to organize and
guide the search process. For example, in integer linear programming fractional so-
lution values are often used to determine whether a variableshould be rounded up or
down first. Such heuristics are commonly compared with each other based on some
specific efficiency measure that is global to the specific approach, such as total time for
finding and proving an optimal solution, or the best solutionquality achieved after some
hard time-limit.

However, to our knowledge very little research has been conducted which inves-
tigates howaccurateinformation taken from inference algorithms actually is, or how
this accuracy evolves during search. This is quite surprising given that many theoret-
ical studies need to make certain assumptions about the relative correctness of search
heuristics or the dependency of heuristic accuracy and, forinstance, the depth in the
search tree. The theoretical model that is considered in [20] to explain and study heavy-
tailed runtime distributions, for example, is based on the assumption that the heuristic
determining how the solution space is to be partitioned has afixed probability of choos-
ing a good branching variable. Moreover, Harvey and Ginsberg’s limited discrepancy
search (LDS) [12] is based on the assumption that the probability that the value selection
heuristic returns a good value is constant (whereby, at the same time, they also assume
that heuristics are marginally more likely to fail higher upin the tree than further below).
Walsh’s depth-bounded discrepancy search (DDS) [19], on the other hand, is implicitly
based on the assumption that value selection heuristics arerelatively uninformed at the
top of the tree while the error probability (as a function of depth) converges very quickly
to zero. Moreover, theoretical models for both LDS and DDS assume that there is a con-
stant probability throughout search that the heuristic choice matters at all (which it does
not when all subtrees contain (best) solutions that are equally good).

1.1 A Disturbing Case Study
Commonly, heuristics are evaluated on their overall performance in the context of a
specific algorithm. In the following example, we show what can happen when heuristic
accuracy is inferred from global efficiency.

Assume that we need to quickly compute high-quality solutions to knapsack prob-
lems. We have several heuristics and compare their performance when employed within
a depth-first search (DFS). Figure 1 shows how the average optimality gap, that is, the
gap between current best solution and the optimal solution value, evolves when exe-
cuting the algorithm with different heuristics on almost strongly correlated knapsack
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Fig. 1. Average optimality gap over number of search nodes when running PA with different
heuristics on 500 almost strongly correlated instances with 50 items each. The curves are split
into two graphs for better readability.

instances. (We will explain the heuristics and what strongly correlated knapsack in-
stances are later - for now their exact definition is not important.) We see a clear sep-
aration: Heuristics inclusion, rounding, and best-first make very rapid improvements,
while exclusion and momentum offer no significant gains overa random choice, or
perform even worse.

In order to find a high-quality solution quickly, we clearly cannot afford a com-
plete search. Therefore, we need to decide which parts of thesearch space we want to
consider. LDS was developed exactly for this purpose. The strategy tries to guide the
search to those parts of the search space that are most likelyto contain feasible (in case
of constraint satisfaction) or very good (in case of constraint optimization) solutions.
Based on our findings in Figure 1, our recommendation would beto combine LDS with
the inclusion heuristic.

The depressing result of this recommendation is shown in Figure 2: The choice of
using the inclusion heuristic, whose predictions we so trusted, is the worst we could
have made!

1.2 A Case for the Direct Assessment of Heuristic Accuracy

Clearly, we lack some fundamental understanding of heuristic decision making. Obvi-
ously, it is not enough to design a heuristic that makes intuitive sense and to evaluate it
within one specific algorithm. In this paper, we argue thatdirect measurementis needed
on how accurate heuristic predictions are, how their accuracy differs with respect to the
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Fig. 2. Average optimality gap over number of search nodes when running PA with limited dis-
crepancy search and different heuristics on 500 almost strongly correlated instances with 50 items
each.



state of the search, and how it is affected by inference. One of the few examples of such
research was presented in [10]: On the maximum satisfiability problem, Gomes et al.
compare the accuracy of value selection heuristics based ona linear relaxation on one
hand or a semi-definite relaxation on the other in correlation to the level of constrained-
ness of the given instances. Another example is given in [16]where the accuracy of
relaxation-based search heuristics is found to depend on the sparsity of the linear pro-
gram. We firmly believe that the first step towards the development of superior search
algorithms must be a thorough empirical study how the accuracy of search heuristics
depends on the current state of the search and how they interact with the inference
mechanisms that are being used. With this paper, we wish to make a first step in that
direction.

In the following section, we review the knapsack problem anddescribe a complete
algorithm to tackle it. Before we present the results of our extensive experimentation
that amounts to roughly 12,000 CPU hours on a dual-core 64-bit 2.8GHz Intel-Xeon
processor, in Section 3 we introduce two performance measures for value selection
heuristics. In Section 4, we investigate how the accuraciesof different value selection
heuristics behave as a function of depth in the search tree. Finally, we study how infer-
ence mechanisms like cutting plane generation and constraint propagation can influence
the accuracy of those heuristics in Section 5.

2 Knapsack Problems

We begin our presentation by introducing the knapsack problem that will serve as the
basis of our experimentation.

Definition 1 (Knapsack Problem). Given a natural numbern ∈ IN, we denote by
p1, . . . , pn theprofits, and byw1, . . . , wn theweightsof n items. Furthermore, given a
knapsack capacityC ∈ IN, theknapsack problemconsists in finding a subset of items
S ⊆ {1, . . . , n} such that the total weight of the selection does not exceed the knapsack
capacity, i.e.

∑
i∈S wi ≤ C, and the total profit of the selection

∑
i∈S pi is maximized.

We chose the knapsack problem as our target of investigationas it has some very
desirable properties.

– First, the problem has a simple structure and is yet NP-hard [9].
– The knapsack problem is of great practical relevance as it can be viewed as a re-

laxation of very many real-world problems. Whenever we maximize some additive
profit while a limited resource is exhausted linearly, knapsacks are somewhere hid-
den in the problem.

– Moreover, there exist many value selection heuristics for the problem so that we
are in a position to base our study on more than just one special heuristic.

– Finally, for our experiments we need a large set of problem instances so that we can
gather meaningful statistics. There exist knapsack generators that create instances
in different classes that are well-documented and well-studied in the literature.

With respect to our last reason for considering knapsacks, we will exploit the following
four benchmark classes of knapsack instances that are widely used in the knapsack
literature [15]. In all cases, profits and weights are limited to the interval[1, 106]. When
the procedure below results in an assignment of a value outside of this interval, we set
the corresponding weight or profit to the closest interval bound.



– In uncorrelated instances, profits and weights of all items are drawn uniformly in
[1, 106] and independently from one another.

– Weakly correlated instances are generated by choosing profits uniformly in a lim-
ited interval around the corresponding weights. More precisely, after choosing a
random weight for each item, we select the profitpi uniformly from the interval
[wi − 105, wi + 105].

– Instances arestrongly correlated when all profits equal their item’s weight plus
some constant. In our algorithm, we setpi = wi + 105.

– In almost strongly correlated instances, profits are chosen uniformly from a very
small interval around the strongly correlated profit. Precisely, we choosepi uni-
formly in [wi + 105 − 103, wi + 105 + 103].

2.1 Branch and Bound for Knapsacks
Knapsacks with moderately large weights or profits are most successfully solved by dy-
namic programming approaches [14]. Once both profits and weights become too large,
however, excessive memory requirements make it impossibleto employ a dynamic pro-
gram efficiently. Then, it becomes necessary to solve the problem by standard branch-
and-bound techniques. As is common in integer linear programming, the bound that
is used most often is the linear continuous relaxation of theproblem. According to
Dantzig, for knapsacks it can be computed very quickly [5]: First, we arrange the items
in non-increasing order of efficiency, i.e.,p1/w1 ≥ · · · ≥ pn/wn. Then, we greedily
select the most efficient item, until doing so would exceed the capacity of the knapsack,
i.e., until we have reached the items such that

∑s−1

i=1
wi ≤ C and

∑s

i=1
wi > C. We

say thats is thecritical item for our knapsack instance. We then select the maximum
fraction of items that can fit into the knapsack, i.e.,C −

∑s−1

j=1
wj weight units of item

s. The total profit of this relaxed solution is theñP :=
∑s−1

j=1
pj + ps

ws

(C −
∑s−1

j=1
wj).

Pruning the Search
Based on the relaxation, we can terminate the search early whenever we find that one of
the following conditions holds [17]:Optimality: If no fractional part of the critical item
can be added, then the optimal relaxed solution is already integral and therefore solves
the given (sub-)problem optimally.Insolubility: If the capacityC of the (remaining)
knapsack instance is negative, then the relaxation has no solution. Dominance:If the
profit of the relaxed solution is not bigger than the value of any lower bound on the best
integer solution, then the (sub-)tree under investigationcannot contain any improving
solution. In all three cases, we may backtrack right away andtherebyprunethe search
tree of branches that do not need explicit investigation.

For the sake of dominance detection, we need a lower bound, and the better (i.e.
larger) that bound, the stronger our ability to prune the search. Obviously, every time
we find an improving knapsack solution, we will update that lower bound. To speed up
the search, however, we can do a little more: At the root-node, we compute an initial
lower bound by taking all the profit of all non-fractional items of the initial relaxed
solution. To strengthen this bound, we fill the remaining capacity with the remaining
items (the ones after the critical item in the efficiency ordering), skipping subsequent
items that fit only fractionally, until we either run out of capacity or items.



Organization of Search
We have outlined our approach in regard to inference. Now, with respect to search: At
every search node, we choose to either include or exclude thecritical item. This choice
of the branching variable ensures that the upper bound that we compute has a chance of
tightening in both children that are generated simultaneously. Note that this would not
be the case if we would branch over any other item. Then, for atleast one of the two
child-nodes the upper bound would stay exactly the same as before. The value selection
heuristics that we will study empirically are the following:

– Random Selection Heuristic:Choose at random the subtree that is investigated
first. The reason why we may believe in this strategy may be that we feel that there
are no good indicators for preferring one child over the other.

– Inclusion Heuristic: Always choose to insert the critical item first. A justification
to consider this heuristic is that solutions with high totalprofits must include items.

– Exclusion Heuristic: Always choose to exclude the critical item first. This heuris-
tics makes sense as it assures that no item with greater efficiency needs to be ex-
cluded to make room for the critical item.

– Rounding Heuristic: Consider the fractional value of the critical item: If it is at
least 0.5, then include the critical item, otherwise try excluding it first. This heuristic
makes intuitive sense when we trust the linear continuous relaxation as our guide.

– Momentum Heuristic: See whether the fractional value of the critical item is larger
or lower than what its value was at the root-node. If the valuehas decreased, then
exclude the item first, otherwise include it first. This heuristic is motivated by ob-
serving that the history of fractional values builds up a kind of momentum with
respect to the “correct” value of the branching variable.

– Anti-Momentum Heuristic: The exact opposite of the momentum heuristic.
– Best-First Heuristic: Compute the relaxation value of both children and then con-

sider the one with the higher value first. The intuition behind it is that, in a complete
method, we will need to consider the better child anyway as there is no chance for
the worse child to provide a lower bound that allows us to prune the better child.

2.2 Stronger Inference: Knapsack Cuts and Knapsack Constraints
The previous paragraphs sketch the baseline branch-and-bound algorithm that we will
employ to study the different value selection heuristics. One question that we are inter-
ested in answering with this paper is how inference influences search heuristics. To this
end, we consider two ways of strengthening inference for knapsacks.

The first is to compute a stronger upper bound. By adding validinequalities known
as “knapsack cuts,” we can strengthen the linear continuousrelaxation and thereby
obtain a tighter bound for pruning [4]. The redundant constraints are based on the
following observation: When computing the upper bound, we find a subset of items
S := {1, . . . , s} out of which it is infeasible to include more thans−1 in the knapsack,
because this would exceed the limited capacity. As a matter of fact, out of the set of
itemsS′ := S ∪ {i > s | wi ≥ wj , ∀ j ∈ S}, we can select at mosts − 1 items.
Therefore, it is legitimate to add the inequality

∑
i∈S′ Xi ≤ s − 1, whereXi is a bi-

nary variable which is 1 iff itemi is included in the knapsack. We can add more such
redundant constraints by adding one of them for each item skipped during the lower
bound computation, because for each of these items we find a new set of items that,
when added as a whole, would overload the knapsack.



The second way to strengthen inference for knapsacks is to add filtering to our
baseline approach. That is, on top of the pruning based on upper and lower bound, we
can also try to determine that certain items must be includedin (or excluded from) any
improving solution. For a given lower boundB, the corresponding constraint is true if
and only if

∑
i wiXi ≤ C while simultaneously

∑
i piXi > B. Achieving generalized

arc-consistency for this global constraint is naturally NP-hard. However, we can achieve
relaxed consistency with respect to Dantzig’s bound in amortized linear time [6].

Now, adding solely the knapsack constraint that directly corresponds to the given
knapsack instance is only of limited interest as constraintfiltering draws its real strength
from constraint propagation, i.e. the exchange of information between constraints that
reflect different views of the problem. By exploiting the knapsack inequalities that we
just discussed, we can add a couple of other knapsack constraints. At the root node, we
compute the linear relaxation of the knapsack instance augmented by knapsack cuts.
For the constraint

∑
i wiXi ≤ C we obtain a dual multiplierπ0. The same holds for

the redundant constraints: For each cutting plane
∑

i∈Ir

Xi ≤ sr, 1 ≤ r ≤ R, we
obtain a dual multiplierπr. As suggested in [7], we use those multipliers to coalesce
the different constraints into one new knapsack constraint

∑

i

pi > B and
∑

i

(π0wi +
∑

r|i∈Ir

πr)Xi ≤ π0C +
∑

r

πrsr.

Finally, as was suggested in [18], we generate more redundant constraints by choos-
ing a multiplierλ ∈ IN and combining the different constraints: We multiply each con-
straint with a new multiplier that is a factorλ larger than the previous one (i.e., the
first constraint is multiplied with 1, the next multiplier isλ, the nextλ2, and so on) and
then we sum them all up. As this would quickly lead to knapsacks with extremely large
item weights, we restrict ourselves to random selections ofat mostm out of theR + 1
inequalities, whereby an inequality is added to the selection with a probability that is
proportional to the optimal dual multiplier at the root-node. For our experiments, we
choseλ = 5 andm = 5, and we generate ten constraints in this way.

So with the original knapsack constraint and the knapsack based on the optimal dual
multipliers, we have a total of twelve constraints that we filter and propagate at every
choice point until none of the constraints can exclude or include items anymore.

In summary, to evaluate how different inference techniquescan influence the perfor-
mance of search heuristics, we consider four different approaches in our experiments:

– Pure Approach (PA): Our baseline approach conducts branch and bound based on
the simple linear continuous upper bound of the knapsack problem computed by
Dantzig’s efficiency sorting procedure. The critical item determines the branching
variable, the value selection heuristic is given as a parameter.

– Valid Inequality Approach (VIA): A variant of PA where we use the linear con-
tinuous relaxation augmented by knapsack cuts to determineupper bounds which
is computed by the simplex algorithm. The branching variable is determined as
the fractional variable that corresponds to the item with greatest efficiency (that is,
profit over weight).

– Constraint Programming Approach (CPA): A variant of PA where, on top of
pruning the search tree by means of the simple linear relaxation, we also perform
knapsack constraint filtering and propagation at every search node.

– Full Inference Approach (FIA): The combination of VIA and CPA.



3 Two Performance Measures for Value Selection Heuristics

When evaluating value selection heuristics, the question arises how we should measure
their quality. As mentioned in the introduction, for satisfiability problems theoretical
models have been considered where assumptions were made regarding the probability
with which a heuristic would guide us to a feasible solution.For optimization problems
like knapsack, the mere existence of a feasible solution is not interesting. What actu-
ally matters is the quality of the best solution that can be found in the subtree that the
heuristic tells us should be considered first.

This leads us directly to the first performance measure that we will study empirically
in our experiments. Theprobability measureassesses the probability that the heuristic
steers us in the direction of the subtree which contains the better solution, whenever that
choice matters. That is to say that we consider only those cases where making a correct
heuristic decision makes a difference. This is the case whenat least one subtree contains
an improving solution, and when the quality of the best solutions in both subtrees is
different. To see how this relevance probability evolves inpractice, in our experiments
we keep track of how many search nodes are being considered atevery depth level, and
for how many of those choice points the heuristic decision tofavor one child over the
other makes a difference.

The second measure that we consider is theaccuracy measurewhich takes a quan-
titative view of the heuristic choices by comparing the actual solution quality of the
best solutions in both subtrees. Rather than measuring the actual difference in objective
value (which would artificially increase the impact of instances with larger optimal so-
lutions), we measure the difference relative to the currentgap between upper and lower
bound. Therefore, when we find that the average accuracy of a value selection heuristic
at some depth is 40%, then this means that, by following the heuristic, we are guided to
a subtree whose best solution closes on average 40% more of the current gap than the
best solution in the subtree whose investigation was postponed.

4 Heuristic Accuracy as a Function of Depth

We specified the approaches that we use to solve different benchmark classes of knap-
sack instances, we introduced several value selection heuristics for the problem, and we
described two different performance measures for these heuristics. In this section, we
now investigate how the different heuristics perform in comparison. We implemented
the algorithms presented earlier in Java 5, and we used Ilog Cplex 10.1 to compute lin-
ear continuous relaxations in algorithms VIA and FIA. Moreover, we implemented our
own constraint propagation engine for algorithms CPA and FIA.

Note that our code is not tuned for speed as it has to gather andmaintain all kinds
of statistical information during search anyway. Fortunately, computational efficiency
does not influence our performance measures for search heuristics or how that perfor-
mance depends on the current state of the search or the inference mechanisms that are
employed. Furthermore, within the branch-and-bound framework that we consider, the
different knapsack heuristics all cause comparable overhead which is why a count of
the number of search nodes gives us a very good estimate of thetotal time needed as
well. However, note that this argument does not hold for the different inference methods
that we will employ in Section 5.
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Fig. 3. Top: Average development of the probability and accuracy measure over depth for the
rounding heuristic on 500 uncorrelated knapsack instances with 50 items (left) or 100 items
(right). The solid line (‘Probability’) goes with the left vertical axis and depicts the probability
that the heuristic makes the correct choice. The dashed line (‘Accuracy’) goes with the right verti-
cal axis and depicts the average gap-closing percentile by which the heuristic choices outperform
their opposites. Bottom: On the same benchmark sets, we show the percentage of instances that
reach a certain depth (solid line, right vertical axis, ‘Reached’). The dashed and dotted lines go
with the left vertical axis (log-scale) and measure the average number of search nodes (‘Total’)
on each depth level and the average number of nodes for which the heuristic choice is relevant
(‘Relevant’), respectively.

To get a first insight into typical heuristic behavior, in Figure 3 we assess accuracy
and probability of the rounding heuristic (that performs well with DFS and LDS, see
Figures 1 and 2) when we run our baseline algorithm PA on uncorrelated instances.
We see that the heuristic performs really well: Although it is rather uninformed at the
beginning, it quickly becomes better and better. At depth 10, it already favors branches
that close, on average, about 40% more of the current gap between upper and lower
bound, and it steers us in the right direction in about 87% of the relevant cases.

Moreover, we observe a very distinct behavior with respect to the probability that
the rounding heuristic makes the right choice when we ignorethe extent to which the
choice is better: The probability of favoring the subtree that contains the better solution
is almost random (close to one half) at the very beginning of the search. Then, the
probability of moving to the better subtree grows very quickly until it levels out at
about 89% roughly at depth level 15. From then on, the probability stays pretty much
constant. (We observe another brief increase to almost perfect prediction when we are
very close to the maximum depth in the tree, but given the few runs that reach this
depth and the few search-nodes on this depth this is not statistically significant.) This
description holds for both the 50 and the 100 items benchmark, whereby for the latter
the probability levels out only slightly later. Although wecannot show all our data here,
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Fig. 4. The average probability and accuracy of the best-first heuristic on 500weakly correlated
knapsack instances with 50 (left) and 100 items (right).

we observe thissamebasic curve on the other classes of knapsack instances (including
the one considered in Figures 1 and 2) and also for other “good” heuristics like best-first
or exclusion. To give two more examples, in Figures 4 and 7, wedepict the best-first
and the exclusion heuristics, this time on weakly correlated knapsack instances.

To draw a first conclusion, our data suggests that a good valueselection heuristic for
knapsack has a much larger probability of misleading us higher up in the tree. Moreover,
good heuristics become more accurate quickly and then keep their performance pretty
much constant. Note that this behavior is addressed by neither LDS nor DDS: LDS
has only a slight tendency to reconsider discrepancies higher up a little bit earlier than
further down below, but only as far as leaves with the same number of discrepancies are
concerned. Consequently, it wastes a lot of time reconsidering heuristic choices that are
made deep down in the tree which are probably quite accurate,instead of putting more
effort into the investigation of the more questionable decisions. DDS, on the other hand,
does very well by quickly reconsidering choices that were made early in the search.
However, it is not justified to assume that perfect predictions are already achieved at
some rather shallow search-depth. From a certain depth-level on, simply minimizing
the total number of discrepancies appears to be much better.

In the bottom part of Figure 3, we can see the number of choice points where the
heuristic choice makes a difference is an order of magnitudelower than the total number
of search nodes. This is caused by the fact that a good part of our search consists in a
proof of optimality. In this part of the search, the value selection heuristic is immaterial,
just as it would be when considering an unsatisfiable instance.

It is interesting to note that, once the search has reached a sufficient depth, the
probability that good value selection is relevant at some choice point is more or less
independent of the depth level. We observe that the distancebetween the line depicting
the average total number of choice points per level and the number of relevant choice
points is almost constant. As we use a logarithmic scale, this indicates that the ratio
of the number of relevant nodes over the total number of nodesdoes not change very
much from some depth level on. In [12], the assumption is madethat the relevance of
value selection was constant. As with the accuracy of good heuristic value selection,
this assumption appears only valid after we reached some critical depth in the tree. On
very high levels, making good choices is much more of a gambleand at the same time
much more likely to be important. Both are indications that agood search strategy ought
to reconsider very early search decisions much more quicklythan LDS does.
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Fig. 5. The average probability and accuracy of the momentum heuristic on 500 strongly corre-
lated knapsack instances with 50 (left) and 100 items (right).

Thus far we have only studied heuristics that perform well. In Figure 5, we depict
the performance of the momentum heuristic on strongly correlated instances. We see
clearly that the heuristic performs poorly. On second thought, this is hardly surprising as
it has a strong tendency to exclude high efficiency items and to include lower efficiency
items. What our graph shows, however, is that making the general assumption that all
heuristics ought to perform better as we dive deeper into thetree is quite wrong. As a
matter of fact, for bad heuristics, performance may even decay.

Now, what about the inclusion heuristic? We plot its performance in Figure 6. We
see that the inclusion heuristic makes increasingly worse predictions where better so-
lutions can be found as we dive deeper into the tree. This explains, of course, why
inclusion is bound to perform poorly in combination with LDSas we saw in Figure 2.
But why did it do so well in combination with DFS (see Figure 1)? The answer to this
riddle is found in the right plot in Figure 6: Here, we assess the quality of inclusion
while performing DFS by comparing the workload (that is, thetotal number of nodes)
when exploring the subtree the heuristic chooses first. Again, we show the quantitative
dependency of depth as the average number of nodes that the heuristic needs to investi-
gate less (see the curve denoted “workload”), and a qualitative comparison which shows
how often the heuristic investigates the subtrees in the right order (see the curve denoted
“probability”). We see that, by including items first, the inclusion heuristic guides the
search to more shallow subtrees first as the inclusion of items obviously has to be paid
for by a reduction in remaining capacity. In those shallow subtrees, we quickly find
a no-good (a new lower bound) which can be exploited when searching the second
branch where better solutions can be found more quickly. Whencombining inclusion
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Fig. 6. Accuracy and probability measure for the inclusion heuristic on 500 almost strongly cor-
related knapsack instances with 50 items each.
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Fig. 7. The average probability and accuracy of the best-first (top) and the exclusion heuristic
(bottom) on 1000 weakly correlated knapsack instances with 50 (left) and100 items (right).

with LDS, however, we never get to searching those other branches, and while no-goods
are helpful, we cannot afford to pay for them by excluding from our search the most
interesting parts of the search space.

This example shows impressively that the accuracy of heuristic predictions can be
abysmal even when a heuristic works well when combined with one specific search
strategy (compare with Figure 1). In particular, even when aheuristic performs well
with one search strategy, this is no indication that it is also suitedto guidean incom-
plete search that is terminated early under hard time constraints. If one is to avoid that
a heuristic like inclusion is combined with LDS to form an algorithm that is expected
to provide good solutions quickly, then there is but one alternative: The performance
of heuristics must be studied much more carefully than by a simple evaluation based
on a global performance measure like best quality after sometime-limit within a spe-
cific approach. Instead, adirect assessmentof the accuracy of heuristic decisions as we
provide it here is necessary. Otherwise, when designing algorithms, we are bound to a
trial-and-error methodology that is far from the standardsof scientific engineering.

Our direct assessment of the accuracy of heuristic decisionmaking has allowed us
to identify that there exists an interplay of heuristic decisions and no-goods that are
learned during search – a matter which we have never seen discussed when heuristics
for a problem are designed. What is more, we have shown that thebelief that heuristics
would generally become more accurate with increasing depthis wrong. This raises the
question why good heuristicsare actually getting more accurate! An important insight
here is that a heuristic like exclusion, which plainly sets the critical item to zero first,
is of course not getting any “smarter” deeper down in the tree. Compare the accuracy
at depth level 50 of the 100 item benchmark and the accuracy atlevel 0 in the 50 item
benchmark in Figure 7. Actually, one should expect the accuracies to be the same. The
reason why they differ is of course not that exclusion got more “experienced” while
branching to depth-level 50 in the 100 item instances. The reason why the accuracy
is higher than at the root-node level in the 50 item case can only lie in the different
distribution of instances where the heuristic choices matter at depth-level 50 in the 100
item case. That is, exclusion (and the other heuristics for that matter) is getting more and
more accurate because it is in some way self-enforcing: the decisions made higher up
in the search tree result in problems for which the heuristicis more accurate. Inclusion,
on the other hand, is not a good guide where good solutions will be found because
it is self-weakening (which becomes clear when consideringthe repeated use of the
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Fig. 8.Accuracy and probability of the rounding heuristic with algorithms PA (top left), VIA (top
right), CPA (bottom left), and FIA (bottom right) on 1000 weakly correlatedknapsack instances
with 100 items. The ‘Probability’ of making the right decision goes with the leftaxis, the actual
‘Accuracy’ is again measured on the right axis as the relative gain in terms of percent of gap
closed.

inclusion heuristic which always trades the higher efficiency of an item to the left of the
critical item for the efficiency of the latter).

We are not aware that self-enforcement has been noted beforeas an important aspect
when designing value-selection heuristics. There exists,however, some work that tries
to integrate different heuristics rather than sticking slavishly to the same one. For exam-
ple, in [1], Balas et al. found that randomly combining different heuristics at each step
of a greedy algorithm for set-covering actually produces better solutions than sticking
to the single best heuristic for each instance throughout the algorithm.

5 How Inference Affects the Robustness of Search Heuristics

The final aspect that we are interested in is to what extent inference methods can influ-
ence the accuracy and the relevance of search heuristics. Inthis section, we therefore
show how search heuristics perform when used with our different algorithm variants
PA, VIA, CPA, and FIA (see Section 2).

Consider Figure 8, where we compare the accuracy of the rounding heuristic when
used in combination with inference mechanisms of differentstrengths. On the left we
consider algorithms PA and CPA that do not use knapsack cuts.The latter are used
for the plots on the right that show the performance of rounding in combination with
VIA and FIA. Analogously, at the top we show algorithms PA andVIA that do not use
constraint filtering, whereas at the bottom we consider algorithms CPA and FIA that
both propagate knapsack constraints. The results look verycounter-intuitive: The more
inference we perform, the worse the heuristic predictions become!
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Fig. 9. Relevance of the rounding heuristic when employed within algorithms PA, VIA, CPA,
and FIA on 1000 weakly correlated knapsack instances with 100 items. The left plot shows the
percentage of instances that reach a certain depth, the right how many nodes are relevant, as an
average over all runs that reach that depth.

However, a look at the corresponding relevance data in Figure 9 reveals that, in re-
ality, inference makes heuristic predictions far more robust: By adding just knapsack
cuts, we already prevent searches from exploring deeper nodes. It is very impressive
how constraint propagation (both in combination with knapsack cuts or alone) boosts
this trend dramatically: Without constraint filtering, 50%of all searches reach a depth
of 85, while with knapsack constraints, they only reach a depth of 20. On top of that,
the maximum average number of relevant nodes per depth levelis reduced to only 2.7!1

Note that stronger inequalities like Mixed-Integer GomoryCuts may have a similarly
strong effect. However, while our statistics recording code does not allow us to provide
a quantitative comparison, we would like to note that we found that constraint propa-
gation could be conducted much faster than the computation of the strengthened linear
relaxation bounds.

We conclude that stronger inference techniques can reduce the importance of good
heuristic predictions. As a consequence, value selection heuristics are left with less
room to make a dramatic difference and therefore appear lessaccurate on average.

6 Conclusions

We conducted an empirical study regarding the accuracy of value selection heuristics
within incomplete systematic search. We found that global performance measures do
not enable us to deduce how adequate heuristic predictions are. By measuring heuristic
accuracy as a function of depth, we found that good value selection functions are most
error prone when only few branching decisions have been madewhile the expected
relevance of these decisions is greater. However, while badheuristics may even decay
with depth, good knapsack heuristics quickly improve theirperformance, which then
stays practically constant for the remainder of the search.

To devise better value heuristics, we found two aspects to beessential: First, heuris-
tics that quickly generate high-quality no-goods can actually work faster than more
accurate heuristics, depending on the search strategy within which they are employed
(recall the good performance of the inclusion heuristic within DFS). Second, improved

1 Note that this drastic reduction is also the reason why the curves in Figure 8 make such a
ragged impression. There are simply far fewer sample points to average over.



heuristic accuracy is the result of self-enforcement: decisions higher-up in the tree drive
the distribution of nodes where the heuristic choice matters in such a way that for these
nodes the heuristic works better. In order to devise superior search heuristics, we believe
that both aspects deserve to be studied in much more detail.

Finally, we found that inference methods render heuristic decisions far less relevant
and thereby improve the robustness of search. Of course, whether invoking expensive
inference techniques pays off or not depends largely on the accuracy of the heuristics
that are available: After all, a good and robust value selection heuristic has the potential
to guide us to feasible or optimal solutions, even when we choose branching variables
poorly, or when inference is limited.

With respect to future work, we need to investigate whether the characteristic curve
that describes the accuracy of many good heuristics for knapsack instances of vari-
ous benchmark classes also applies to good heuristics of other combinatorial problems.
Based on our findings, we then intend to devise new search strategies that actively in-
corporate the characteristic evolution of heuristic accuracy during search.
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