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Abstract
Recently progress was made to extend Recurrent Neural Networks (RNNs) to support efficiently mapping arbitrary sequences
[1], and even developing fully differentiable turing machines [2]. However, one major drawback of these approaches is the fixed
length of the sequences. Authors of Pointer Networks [3] propose a solution to this issue, and show results on three classical
algorithmic tasks: convex hull, Delaunay triangulation, and travelling salesman problem (TSP). Authors’ promising results
imply possibility of eventually applying RNNs to more fundamental problems in computer science such as sorting and searching.

I.

Introduction

where input sequence X is compressed into an internal
representation through hθ ( X ). Parameters θ are optimized with gradient descent given some pre-defined
training set. Note that estimated probability is over the
entire fixed-length output sequence Y = (y1 , . . . , y T ).

Recurrent Neural Network (RNN) [4] is a class of nonlinear function approximators, specialized for data
with a temporal component, e.g. sentences of characters, and are particularly popular in the domain of
natural language processing (NLP). Recently, two major breakthroughs have occurred in this domain: the
sequence-to-sequence model that enabled learning efficient mappings from one sequence to another [1],
and the so-called ‘attention’ mechanism, which significantly improved quality of generated output by
learning relative importance of various input sequence
parts, measured by their effect on the resulting error in
the final prediction [5].
Since their inception, the idea of applying RNNs
to algorithmic problems has puzzled researchers from
a wide range of backgrounds with varying success
of their proposed solutions [6]. However, even the
more successful approaches were limited in scope as
they relied on the fixed length of input and expected
output sequences. The goal of this essay is to review a
relatively simple, yet efficient solution to the problem
that relies on reusing the attention mechanism [3].

II.

Figure 1: model encodes input X to internal hθ ( X ), uses it
and all previous outputs to generate next [1].

Attention vector a is generated from u, a combination of
hθ ( X ), encoder and decoder hidden states (represented
by boxes in Figure 1), which is then passed through
u
the softmax function ai = e iu j . It is then applied to
∑e

encoder hidden states as dot product a · e. Intuitively,
attention mechanism helps RNN by focusing on relevant subsets of the input through importance weights.

Background

Mathematically, sequence to sequence model can be
viewed as an estimate of the conditional probability
p(Y | X; θ ), where Y is the target output sequence, X
is the input sequence, and θ are the RNN parameters.
The probability is estimated via the chain rule:
Figure 2: Output words rely on full input sentence with
T

p(Y | X; θ ) =

attention represented by intensity of the line color [7].

∏ p ( y t | h θ ( X ), y 1 , . . . , y t −1 ; θ )

t =1

1

III.

Methods

On Delaunay Triangulation Pointer Networks have
significantly outperformed the baseline solutions. Measured by accuracy of predicted triangulation, Pointer
Networks were up to 35% more accurate than baselines.
The most impressive result was perhaps on the Traveling Salesman Problem where Pointer Networks were
not only capable of solving the problem, but in fact
they were able to keep up with classical algorithmic
search based implementations.

Even when combined with the attention mechanism,
RNNs are not versatile enough when applied to algorithmic problems such as TSP due to the fixed length
nature of the architecture.
To remedy this issue, authors of Pointer Networks
make use of the attention mechanism in a different
way: rather than act as input importance weights for
the decoder, the attention mechanism is used directly
as a probability distribution over the input elements.

Problem
Convex Hull
Delaunay Tr.
TSP

p ( y t | h θ ( x 1 , . . . , x T ), y 1 , . . . , y t −1 ) = a t
From this distribution a pointer (index) to the input
element is obtained by taking the argmax.

Baseline
99.7%
38.9%
3.85

Ptr-Net
99.9%
72.6%
3.88

Table 1: Pointer Network results on three combinatorial
problems. Convex Hull and Delaunay Triangulation measured by accuracy of prediction, TSP measured by tour length.
Baselines for Convex Hull and Delaunay Triangulation are
seq-to-seq models with attention, whereas on TSP it is classical search based algorithm.

V.

Conclusion

Authors of the Pointer Networks have proposed a relatively simple extension to state-of-the-art approaches
in NLP and have shown that their solution can perform
well on classical combinatorial problems.
A promising next step would be exploring even more
fundamental and difficult problems, eventually scaling
up to general differentiable finite state machines.
Figure 3: Pointer Networks: output sequence is generated
as a series of pointers to the input sequence elements [3].
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