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DRAW: A Recurrent Neural Network For Image Generation
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Figure 5. Cluttered MNIST classification with attention. Each
sequence shows a succession of four glimpses taken by the net-
work while classifying cluttered translated MNIST. The green
rectangle indicates the size and location of the attention patch,
while the line width represents the variance of the filters.

Table 1. Classification test error on 100 ⇥ 100 Cluttered Trans-
lated MNIST.

Model Error
Convolutional, 2 layers 14.35%
RAM, 4 glimpses, 12 ⇥ 12, 4 scales 9.41%
RAM, 8 glimpses, 12 ⇥ 12, 4 scales 8.11%
Differentiable RAM, 4 glimpses, 12 ⇥ 12 4.18%
Differentiable RAM, 8 glimpses, 12 ⇥ 12 3.36%

time-step, whereas RAM used four, at different zooms.

4.2. MNIST Generation

We trained the full DRAW network as a generative model
on the binarized MNIST dataset (Salakhutdinov & Mur-
ray, 2008). This dataset has been widely studied in the
literature, allowing us to compare the numerical perfor-
mance (measured in average nats per image on the test
set) of DRAW with existing methods. Table 2 shows that
DRAW without selective attention performs comparably to
other recent generative models such as DARN, NADE and
DBMs, and that DRAW with attention considerably im-
proves on the state of the art.

Table 2. Negative log-likelihood (in nats) per test-set example on
the binarised MNIST data set. The right hand column, where
present, gives an upper bound (Eq. 12) on the negative log-
likelihood. The previous results are from [1] (Salakhutdinov &
Hinton, 2009), [2] (Murray & Salakhutdinov, 2009), [3] (Uria
et al., 2014), [4] (Raiko et al., 2014), [5] (Rezende et al., 2014),
[6] (Salimans et al., 2014), [7] (Gregor et al., 2014).

Model � log p 
DBM 2hl [1] ⇡ 84.62

DBN 2hl [2] ⇡ 84.55

NADE [3] 88.33

EoNADE 2hl (128 orderings) [3] 85.10

EoNADE-5 2hl (128 orderings) [4] 84.68

DLGM [5] ⇡ 86.60

DLGM 8 leapfrog steps [6] ⇡ 85.51 88.30

DARN 1hl [7] ⇡ 84.13 88.30

DARN 12hl [7] - 87.72
DRAW without attention - 87.40
DRAW - 80.97

Figure 6. Generated MNIST images. All digits were generated
by DRAW except those in the rightmost column, which shows the
training set images closest to those in the column second to the
right (pixelwise L

2 is the distance measure). Note that the net-
work was trained on binary samples, while the generated images
are mean probabilities.

Once the DRAW network was trained, we generated
MNIST digits following the method in Section 2.3, exam-
ples of which are presented in Fig. 6. Fig. 7 illustrates
the image generation sequence for a DRAW network with-
out selective attention (see Section 3.1). It is interesting to
compare this with the generation sequence for DRAW with
attention, as depicted in Fig. 1. Whereas without attention
it progressively sharpens a blurred image in a global way,
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Abstract

This paper introduces the Deep Recurrent Atten-
tive Writer (DRAW) neural network architecture
for image generation. DRAW networks combine
a novel spatial attention mechanism that mimics
the foveation of the human eye, with a sequential
variational auto-encoding framework that allows
for the iterative construction of complex images.
The system substantially improves on the state
of the art for generative models on MNIST, and,
when trained on the Street View House Numbers
dataset, it generates images that cannot be distin-
guished from real data with the naked eye.

1. Introduction
A person asked to draw, paint or otherwise recreate a visual
scene will naturally do so in a sequential, iterative fashion,
reassessing their handiwork after each modification. Rough
outlines are gradually replaced by precise forms, lines are
sharpened, darkened or erased, shapes are altered, and the
final picture emerges. Most approaches to automatic im-
age generation, however, aim to generate entire scenes at
once. In the context of generative neural networks, this typ-
ically means that all the pixels are conditioned on a single
latent distribution (Dayan et al., 1995; Hinton & Salakhut-
dinov, 2006; Larochelle & Murray, 2011). As well as pre-
cluding the possibility of iterative self-correction, the “one
shot” approach is fundamentally difficult to scale to large
images. The Deep Recurrent Attentive Writer (DRAW) ar-
chitecture represents a shift towards a more natural form of
image construction, in which parts of a scene are created
independently from others, and approximate sketches are
successively refined.

Proceedings of the 32nd International Conference on Machine
Learning, Lille, France, 2015. JMLR: W&CP volume 37. Copy-
right 2015 by the author(s).

Figure 1. A trained DRAW network generating MNIST dig-
its. Each row shows successive stages in the generation of a sin-
gle digit. Note how the lines composing the digits appear to be
“drawn” by the network. The red rectangle delimits the area at-
tended to by the network at each time-step, with the focal preci-
sion indicated by the width of the rectangle border.

The core of the DRAW architecture is a pair of recurrent
neural networks: an encoder network that compresses the
real images presented during training, and a decoder that
reconstitutes images after receiving codes. The combined
system is trained end-to-end with stochastic gradient de-
scent, where the loss function is a variational upper bound
on the log-likelihood of the data. It therefore belongs to the
family of variational auto-encoders, a recently emerged
hybrid of deep learning and variational inference that has
led to significant advances in generative modelling (Gre-
gor et al., 2014; Kingma & Welling, 2014; Rezende et al.,
2014; Mnih & Gregor, 2014; Salimans et al., 2014). Where
DRAW differs from its siblings is that, rather than generat-
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glimpse window



Two questions

• What is the optimal sampling lattice for the glimpse window? 

• How is information combined across glimpses?



Low resolution

High resolution



Retinal ganglion cell sampling lattice
(shown at one dot for every 20 ganglion cells)

Anderson & Van Essen (1995)



B

Figure 1: A: Diagram of single kernel filter parameterized by a mean µi and variance �i B: First row
Examples from our variant of the cluttered MNIST dataset. Second row Examples with additional
random rescaling of the digit.

This factorization is shown in equation 3, where the kernel is defined as an isotropic gaussian. For82

each kernel filter, given a center µi and scalar variance �i, a two dimensional gaussian is defined over83

the input image as shown in Figure 1A.84

ki(m,n) = p(m;µi,x,�i)p(n;µi,y,�i) (3)

While this factored formulation reduces the space of possible transformations from input to output, it85

can still form many different mappings from an input U to output V . Figure 2B shows the possible86

windows which an input image can be mapped to an output V . The blue circles denote the central87

location of a particular kernel. Each kernel maps to one of the outputs Vi. The kernel filters in88

our model can be adjusted through two distinct mechanisms: control and training. control defines89

adjustments to the retinal sampling lattice as a whole and can include translation and rescaling of90

the entire lattice. Translational control can be considered analgous to the motor control signals91

which executes saccades of the eye in biology. In contrast, training defines structural adjustments to92

individual kernels which include its position in the lattice as well as its variance. These adjustments93

are only possible during training and are fixed afterwards. Training adjustments can be considered94

analagous to the layout of the retinal sampling lattice which is directed by evolutionary pressures in95

biology.96

3 Recurrent Neural Architecture for Attention97

We develop a recurrent model of overt attention inspired by Mnih et al. (2014). A sample input98

image U is reduced by a glimpse generator using equation 4 to create a output ‘glimpse’ Vt. We99

omit the sample index n to simplify notation. This glimpse Vt is processed by a fully-connected100

recurrent network frnn(). Equation 4-9 details the feedforward process of generating the kernel filter101

configurations which define the retinal sampling lattice for the next time point.102

3

Learning the glimpse window sampling lattice

Example MNIST scenes

• Network is trained to correctly classify the 
digit in the scene. 

• To do this it must find a digit and move its 
glimpse window to that location.

Object identity Control

Recurrent network

Glimpse

Scene



Visual Search Task

Find and Classify the MNIST digit 

Dataset 1

Dataset 2



Evolution of the sampling lattice during training



Learned sampling lattices for different conditions

Translation only 
(Dataset 1)

Translation only 
(Dataset 2)

Translation & zoom 
(Dataset 1)

Translation & zoom 
(Dataset 2)



Visual Search Performance



Comparison to primate retina

Perry, Oehler, Cowey 1984

Macaque Retina Model
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Perry, Oehler, Cowey 1984

Macaque Retina Model
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How is information combined across glimpses?

Two things must be encoded and combined at each fixation:

  1) position of the glimpse window
  2) contents of the glimpse window

What is required is to *bind* these two things together!

A scene may then be represented as a superposition of such 
bindings.



• binding without growing dimensionality
• fully distributed representation
• mathematical framework for storing and recovering 

information: 
- multiplication for binding  
- addition for combining  
- operators and inverses

Hyperdimensional Computing: An Introduction to Computing
in Distributed Representation with High-Dimensional
Random Vectors
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Abstract The 1990s saw the emergence of cognitive
models that depend on very high dimensionality and

randomness. They include Holographic Reduced Repre-

sentations, Spatter Code, Semantic Vectors, Latent Semantic
Analysis, Context-Dependent Thinning, and Vector-

Symbolic Architecture. They represent things in high-

dimensional vectors that are manipulated by operations that
produce new high-dimensional vectors in the style of tradi-

tional computing, in what is called here hyperdimensional

computing on account of the very high dimensionality. The
paper presents the main ideas behind these models, written as

a tutorial essay in hopes of making the ideas accessible and

even provocative. A sketch of how we have arrived at these
models, with references and pointers to further reading, is

given at the end. The thesis of the paper is that hyperdi-

mensional representation has much to offer to students of
cognitive science, theoretical neuroscience, computer

science and engineering, and mathematics.

Keywords Holographic reduced representation !
Holistic record ! Holistic mapping ! Random indexing !
Cognitive code ! von Neumann architecture

Introduction: The Brain as a Computer

In this tutorial essay we address the possibility of under-
standing brainlike computing in terms familiar to us from

conventional computing. To think of brains as computers
responsible for human and animal behavior represents a

major challenge. No two brains are identical yet they can

produce the same behavior—they can be functionally
equivalent. For example, we learn to make sense of the

world, we learn language, and we can have a meaningful

conversation about the world. Even animals without a full-
fledged language can learn by observing each other, and

they can communicate and function in groups and assume

roles as the situation demands.
This means that brains with different ‘‘hardware’’ and

internal code accomplish the same computing. Further-

more, the details of the code are established over time
through interaction with the world. This is very different

from how computers work, where the operations and code

are prescribed in detail from the outside by computer-
design engineers and programmers.

The disparity in architecture between brains and

computers is matched by disparity in performance.
Notably, computers excel in routine tasks that we—our

brains—accomplish with effort, such as calculation,
whereas they are yet to be programmed for universal

human traits such as flexible learning, language use, and

understanding.
Although the disparity in performance need not be due

to architecture, brainlike performance very likely requires

brainlike architecture. The opposite is not necessarily true,
however: brainlike architecture does not guarantee bra-

inlike ‘‘intelligent’’ behavior, as evidenced by many kinds

of mental illness. Thus, we can look at the brain’s
architecture for clues on how to organize computing.

However, to build computers that work at all like brains,

we must do more than copy the architecture. We must
understand the principles of computing that the architec-

ture serves.

P. Kanerva (&)
Center for the Study of Language and Information, Stanford
University, Stanford, CA 94305, USA
e-mail: pkanerva@csli.stanford.edu
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Network for binding and combining



t=0 t=1 t=2
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(a) Example image (b) ”below a 2” (c) ”to the left of a 1” (d) Combined

Figure 1: Query constraint satisfaction maps visualized for a training example. For this image, the
query is ”below a 2 and to the left of a 1”. The correct answer is therefore ”7”.

through multiplication of the Inverse DFT matrix corresponding to the chosen location encoding
parameters. Figure 1b shows the resulting map for ”below a 2”, and figure 1c shows the map for
”to the left of a 1”. We then take the point-wise product of these two maps and normalize, resulting
in the map visualized in figure 1d. As hoped, the majority of the weight is located at the position
of the 7 in the image, which is the correct answer for this example. The final step is to retrieve the
object identity information contained in the scene vector at the location specified by this map. To
do this we convert this final map into a complex vector encoding location. This is achieved through
multiplication by the DFT matrix. Then we multiply the scene vector by the inverse of this location
vector (for location vectors this happens to be its complex conjugate). The resulting vector should
then contain an ”unbound” vector representing ”7”, plus other vectors which will have a near-zero
dot product with any of the ten vectors that represent digit identities. We use the cross-entropy cost
function. The algorithm achieves about 95 percent accuracy on the artificial multi-MNIST dataset
described in this experiment.

3 PATH PLANNING

Our framework can also be used to solve a simple navigation problem. In this experiment, a map
of obstacles and a reward function is stored as a complex vector. Actions, also represented as
complex vectors, act on these maps to produce translations. It is possible to map the concepts
discussed previously onto the value iteration algorithm from reinforcement learning, providing a
way to calculate the optimal action given the current state and reward function. The operations
are very similar to those outlined in the first experiment, making use of the convolution theorem
to reduce computational cost. The only difference is that instead of reducing over spatial positions
using a product, we reduce using a max function. The maze, reward function, and computed value
function are shown in figure 2.

(a) Environment map (b) Value function

Figure 2: Obstacle/reward map and calculated value function described in the path planning experi-
ment. In (a), black indicates walls and green indicates high reward. In (b), red indicates high reward,
while blue indicates low reward.

3

What is below a ‘2’ and to the left of a ‘1’?

Spatial reasoning



Main points
• Visual scenes require the ability to represent compositional 

structure. 

• Active sensing strategies, such as eye movements, allows us to 
acquire information and build a scene representation with limited 
neural resources. 

• A foveated image sampling lattice similar to the primate retina 
emerges as the optimal solution for visual search, but only for an eye 
without the ability to zoom. 

• Neural networks with the ability to bind and combine information 
across saccades are capable of building up a scene representation 
that supports spatial reasoning.


