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and hyperparameters for many popu-
lar clustering methods. Balcan, Dick, 
Sandholm, and Vitercik1 show how 
learning-theoretic methods can be 
used to optimize branching in inte-
ger linear programming solvers. Most 
recently, Balcan, Dick, and Vitercik2 
show how principled data-driven al-
gorithm design can be extended to 
the online setting in which there is no 
distribution over problem instances 
at all, just an arbitrary stream of exam-
ples, and one wishes to achieve low re-
gret with respect to the best parameter 
setting in hindsight. While the highly 
discontinuous nature of the cost func-
tions make this impossible in the 
worst case due to well-known lower 
bounds, this work identifies a new 
notion called dispersion that enables 
positive results. They also show how 
these same ideas can address prob-
lems of preserving privacy, which can 
be a concern if algorithm parameters 
used on one input are set based on 
possibly sensitive information from 
previously seen inputs. 
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THE FOLLOWING PAPER by Gupta and 
Roughgarden—”Data-Driven Algorithm 
Design”—addresses the issue that the 
best algorithm to use for many prob-
lems depends on what the input “looks 
like.” Certain algorithms work better 
for certain types of inputs, whereas 
other algorithms work better for oth-
ers. This is especially the case for NP-
hard problems, where we do not ex-
pect to ever have algorithms that work 
well on all inputs: instead, we often 
have various heuristics that each work 
better in different settings. Moreover, 
heuristic strategies often have param-
eters or hyperparameters that must be 
set in some way.

Traditional theoretical analysis of 
such problems would select among 
algorithms or parameter choices by 
looking at their worst-case perfor-
mance, such as via their approxima-
tion ratio. Another traditional alterna-
tive would be to consider average-case 
analysis, looking at performance on 
some clean (typically uniform) dis-
tribution over inputs. However, the 
inputs arising in a given domain are 
typically neither worst-case nor aver-

age-case from a clean distribution: 
instead, they often have structure 
and can be thought of as drawn from 
some complex and difficult-to-char-
acterize probability distribution over 
inputs associated with the given do-
main. This fact suggests treating al-
gorithm selection as a learning prob-
lem—using previously seen examples 
of inputs from a given domain to tune 
parameters of a heuristic or to select 
among various choices of algorithm. 
Indeed, this approach has been used 
in practice for many years, for exam-
ple, Hutter5 and Smith-Miles.6 What 
the authors present is a theoretical 
formulation and analysis of this pro-
cess, using the well-developed frame-
work of PAC-learning from learning 
theory to analyze fundamental ques-
tions. For instance, how many ex-
amples of previous inputs does one 
need to see to have confidence that 
optimizing parameters over these ex-
amples will produce a rule that is near 
optimal on average for future inputs 
drawn from the same (complex and 
difficult-to-characterize) probability 
distribution? The paper then provides 
answers to such questions by analyz-
ing formal measures of complexity 
(in particular, the pseudo-dimension) 
of various natural algorithm families 
such as greedy algorithms for knap-
sack and other object assignment 
problems, resulting in bounds on the 
number of previous inputs that must 
be seen for good generalization.

Subsequent to the initial publica-
tion of this paper there have been a 
number of exciting results building 
on the framework developed here, 
showing how principled algorithm 
selection and automated algorithm 
design more generally can be applied 
to a wide variety of other important 
problems. For instance, Balcan et al.3,4 
analyze a large number of classic clus-
tering problems, giving algorithms 
and sample complexity guarantees 
for learning near-optimal parameters 
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