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Committee Elections 
• Voters rank candidates 
• Want to find a committee of k candidates 
• Finding the best committee is NP-hard for many ob-

jective functions 
• We study heuristics: do they produce committees that 

are ‘similar’ to the optimum? 
• We focus on the t-Borda rules: Every voter is ‘repre-

sented’ by their t most-preferred committee members. 
and we maximise total utility using Borda scores. 

• Special case: 1-Borda = Chamberlin—Courant 

Heuristics 
• Greedy: build up the committee step-by-step by 

adding the candidate who most improves objective. 
• Removal: repeatedly kick out the candidate who 

least contributes to the objective, until k remain. 
• Banzhaf: Add candidate to the committee who most 

improves objective in expectation, taken over a uni-
form distribution of all possible committees compati-
ble with previous choices. 
• this heuristic (based on concepts from cooperative game theory) is new 
• we show that it can be evaluated in polynomial time for separable com-

mittee scoring rules 

• Simulated Annealing: Start with a random com-
mittee, and then repeatedly randomly swap candidates 
to improve objective. Drawback: not deterministic! 

Experimental Evaluation 
• Impartial Culture: for each voter, draw their preference 

ranking uniformly at random from all rankings 
• 2D uniform square: each candidate and voter is placed 

at a random point in the square; voters prefer candidates 
closer to them 

• Determine approximation ratios of our heuristics 
• Via visual representations, check whether heuristics gener-

ate similar committees to the exact rule 
• Results: Simulated Annealing performs very well in all 

settings. Greedy performs poorly, but Removal and 
Banzhaf often match or outperform Simulated Annealing.

Presented at AAAI 2018, New Orleans

(a) Impartial Culture Distribution
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(b) 2D Uniform Square Distribution
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Figure 1: Ratios of average reverse t-Borda scores computed by our heuristics to those computed using the exact ILP-based
algorithm for our two preference generation models (m = 100, n = 100, k = 10).
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Figure 2: Histograms showing frequency of including candidates from given areas of the [�3, 3]⇥ [�3, 3] square in the winning
committees, depending on the algorithm and the value of t (2D uniform square distribution, m = 100, n = 100, k = 10).

approximation ratios, and the removal algorithm performs as
well as SA. Intuitively, the good performance of the Banzhaf
algorithm in this setting is to be expected: when selecting a
committee member, it assumes that the remaining members
would be chosen uniformly at random, which matches the
spirit of the IC model. For the 2D uniform square model,
the removal algorithm outperforms the Banzhaf algorithm by
some margin (the advantage is not huge, but noticeable).

It is interesting to compare the histograms generated by
the algorithms. SA generates essentially the same histograms
as the exact algorithm, and the greedy algorithm has a clear
bias (as argued above). The Banzhaf and removal algorithms
produce histograms very similar to those of the exact algo-
rithm for t 2 {1, 2, 3}[ {8, 9, 10}. For the remaining values,
removal tends to focus too much on the “outer ring”, whereas
the Banzhaf algorithm focuses too much on the “inner disc”.

It is remarkable that these methods make different kinds of er-
rors. Thus, deciding which algorithm to prefer should depend
on the application. For instance, for the funding agency ex-
ample mentioned in the introduction, when choosing k = 10
proposals using 5-Borda, the Banzhaf algorithm would likely
be superior to the removal one; the proposals from the “inner
disc” are those that are individually ranked highly (they have
the highest individual Borda scores), but the algorithm also
selects some more diverse proposals from the “outer ring”.
Arguably, in this case the Banzhaf algorithm might even be
more appealing than the original 5-Borda voting rule.

Experiments Regarding Chamberlin–Courant. Our
second set of experiments focuses on the CC rule for varying
committee sizes. Besides the four heuristics, we evaluated
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(b) 2D Uniform Square Distribution
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Figure 3: Ratios of average reverse CC scores (average positions of the voters’ representatives) computed by our heuristics to
those computed using the exact algorithm for our two preference generation models (m = 100, n = 100).

the Ranging algorithm,5 designed specifically for the CC rule
and known to provide the strongest theoretically-established
approximation guarantee for this rule.

For each of the algorithms, each committee size k 2
{2, . . . , 30}, and each model of preferences, we generated
1000 elections and computed the winning committees. In
Figure 3 we present the ratios of the achieved average reverse
CC scores to those computed using the exact algorithm (re-
call that for the case of CC, the reverse scores are simply the
average positions of the voters’ representatives).

The results in Figure 3 are quite intriguing. We see that
the greedy algorithm is the worst performer for k  20, but
then the ranging algorithm becomes the worst, even though
it has the strongest theoretical guarantees. On the other hand,
the removal algorithm offers excellent performance for all
committee sizes and both preference models. The Banzhaf
algorithm also performs very well, especially for larger com-
mittees. For the IC model, where we expect the Banzhaf
algorithm to do well, its performance is indeed better than
that of the removal algorithm for most cases, but even there
the removal algorithm is sometimes marginally better.
Performance of SA. Notably, for the case of CC, the
Banzhaf and removal algorithms outperform SA for a range
of committee sizes. This is due to our choice of parameters
p, q and T ; SA would perform better if we executed more
iterations or re-ran the algorithm a few times for each elec-
tion. However, even with the current parameters SA produces
histograms that are very close to those for the actual rules
(for the t-Borda experiments),6 which indicates that this vari-
ant of SA is a reasonable benchmark. It is thus remarkable
that polynomial-time computable deterministic rules, such as
removal or the Banzhaf algorithm, can beat this benchmark.

5Ranging is a variant of Algorithm P of Skowron et al. (2015)
due to Elkind et al. (2017a), and forms the basis of a PTAS for the
CC rule. Given an election, the algorithm considers each ` 2 [m]
and greedily finds a size-k committee such that as many voters
as possible rank some committee member in the top ` positions.
Among these committees, it selects one with the highest CC score.

6This confirms that the histograms computed by Faliszewski et
al. (2017a), using SA with the same parameters, are meaningful.

OWA Schedules for Removal. One of our most intriguing
results is the performance of the removal algorithm, which
strongly relies on the specific OWA schedule that we used.
We also performed initial experiments with the 0-appending
schedule (which, for example, would always use OWAs of
the form (1, 0, . . . , 0) for the CC rule), and the results were
notably worse. For example, for the 2D uniform square dis-
tribution, CC rule, and committee size k = 10, the average
position of a representative computed using our current re-
moval algorithm is, on average, only 3% further from the top
than the optimal one, whereas for the 0-appending schedule
the average error is 10%. It may be possible to design even
better OWA schedules for the removal algorithm, and we
view this as as an interesting direction for future studies.
Running Times. So far, we have mostly disregarded the
running times of our algorithms. There are two reasons for
that. First, all our algorithms are sufficiently fast that they
can be executed on practically relevant election instances.
Second, when one computes election results, the quality of
the results is far more important than the running times of the
algorithms (provided they are not prohibitive). Nevertheless,
to give the reader some idea of the relative running times of
our algorithms, we mention that, to compute the results for
100 candidates, 100 voters, and committee size k = 10 (on
an office machine with Intel i5 760 CPU and 8GB of RAM),
the general Banzhaf algorithm requires about 24s, removal
requires about 10s, SA requires about 1s, and greedy requires
about 0.5s. For the case of CC, however, we designed an
optimized Banzhaf algorithm, which runs under 1s. We defer
more detailed analysis to the full version of the paper.

Conclusions
We have evaluated four algorithms for approximately com-
puting committee scoring rules: simulated annealing, which
is randomized, and greedy, removal, and Banzhaf algorithms,
which are deterministic. We have shown that simulated an-
nealing performs very well in essentially all settings and
provides visual representations of results that match the exact
ones nearly perfectly. The greedy algorithm usually performs
worst, but the other two algorithms often match or outper-
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Figure 1: Ratios of average reverse t-Borda scores computed by our heuristics to those computed using the exact ILP-based
algorithm for our two preference generation models (m = 100, n = 100, k = 10).
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Figure 2: Histograms showing frequency of including candidates from given areas of the [�3, 3]⇥ [�3, 3] square in the winning
committees, depending on the algorithm and the value of t (2D uniform square distribution, m = 100, n = 100, k = 10).

approximation ratios, and the removal algorithm performs as
well as SA. Intuitively, the good performance of the Banzhaf
algorithm in this setting is to be expected: when selecting a
committee member, it assumes that the remaining members
would be chosen uniformly at random, which matches the
spirit of the IC model. For the 2D uniform square model,
the removal algorithm outperforms the Banzhaf algorithm by
some margin (the advantage is not huge, but noticeable).

It is interesting to compare the histograms generated by
the algorithms. SA generates essentially the same histograms
as the exact algorithm, and the greedy algorithm has a clear
bias (as argued above). The Banzhaf and removal algorithms
produce histograms very similar to those of the exact algo-

rithm for t 2 {1, 2, 3}[ {8, 9, 10}. For the remaining values,
removal tends to focus too much on the “outer ring”, whereas
the Banzhaf algorithm focuses too much on the “inner disc”.
It is remarkable that these methods make different kinds of er-
rors. Thus, deciding which algorithm to prefer should depend
on the application. For instance, for the funding agency ex-
ample mentioned in the introduction, when choosing k = 10
proposals using 5-Borda, the Banzhaf algorithm would likely
be superior to the removal one; the proposals from the “inner
disc” are those that are individually ranked highly (they have
the highest individual Borda scores), but the algorithm also
selects some more diverse proposals from the “outer ring”.
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