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Abstract
We propose a novel approach to representation
learning based on object keypoints. It leverages
the predictability of local image regions from spa-
tial neighborhoods to identify salient regions that
correspond to object parts, which are then con-
verted to keypoints. Unlike prior approaches, this
does not overly bias the keypoints to focus on a
particular property of objects. We demonstrate
the efficacy of our approach on Atari where we
find that it learns keypoints corresponding to the
most salient object parts and is more robust to
certain visual distractors.

1. Introduction
An intelligent agent situated in the visual world critically
depends on a suitable representation of its incoming sensory
information. For example, a representation that captures
only information about relevant aspects of the world makes
it more easy to learn down-stream tasks efficiently (Bar-
low, 1989; Bengio et al., 2013). Similarly, when explicitly
distinguishing abstract concepts, such as objects, at a repre-
sentational level, it is easier to generalize (systematically)
to novel scenes that are composed of these same abstract
building blocks (Lake et al., 2017; van Steenkiste et al.,
2019).

In recent work, several methods have been proposed to
learn representations of images (unsupervised) that aim to
facilitate agents in this way (eg. Veerapaneni et al. (2019)).
Of particular interest are methods based on learned object
keypoints that correspond to highly informative (salient) re-
gions in the image as indicated by the presence of object
parts (Zhang et al., 2018; Jakab et al., 2018; Kulkarni et al.,
2019; Minderer et al., 2019). Indeed, many real world tasks
primarily revolve around (physical) interactions between
objects and agents, and it is therefore expected that a repre-
sentation based on a set of task-agnostic object keypoints
can be re-purposed to facilitate downstream learning (and
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Figure 1. Our approach to learning object keypoints consists of
three modules (encapsulated by the dotted lines): learning a suit-
able spatial feature embedding (1), solving a local spatial predic-
tion problem (2), and converting error maps to keypoints (3).

generalization) on many different tasks (Lake et al., 2017).

One of the main challenges for learning representations
based on object keypoints is to discover salient regions be-
longing to objects in an image without supervision. Recent
methods take an information bottleneck approach, where a
neural network is trained to allocate a fixed number of key-
points (and learn corresponding representations) in a way
that helps making predictions about an image that has un-
dergone some transformation (Jakab et al., 2018; Minderer
et al., 2019; Kulkarni et al., 2019). However, the keypoints
that are discovered in this way strongly depend on the spe-
cific transformation that is considered and therefore lack
generality. For example, as we will confirm in our experi-
ments, the recent Transporter (Kulkarni et al., 2019) learns
to prioritize image regions that change over time, even when
they are otherwise uninformative.

In this work, we propose a novel representation learning
approach based on object keypoints that does not overly bias
keypoints in this way. The key idea underlying our approach
is to view objects as local regions in the image that have
high internal predictive structure (self-information). This
allows us to formulate a local spatial prediction problem
in order to infer which of the image regions contain object
parts. In order to asses predictability based on other low-
level features than color, we perform this prediction task in
the learned feature space of a Convolutional Neural Network
(CNN). Using PointNet (Jakab et al., 2018) we are then able
to convert these predictability maps to highly informative
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object keypoints.

We extensively evaluate our approach on a number of Atari
environments and compare to Transporter (Kulkarni et al.,
2019). We demonstrate how our method is able to discover
keypoints that focus on image regions that are predictable
and which often correspond to object parts. By leveraging
this more general notion of predictability to learn about
objects, our method is more robust to uninformative (but
predictable) distractors in the environment, such as moving
background, unlike Transporter. Finally, we include a num-
ber of ablations to gain additional insight in our approach.

2. Method
In order to learn representations based on task-agnostic
object keypoints we require a suitable definition of an object
that can be applied in an unsupervised manner. In this work
we define objects as local regions in input space that have
high internal predictive structure based on statistical co-
occurrence of features such as color, shape, etc. across a
large number of samples. An advantage of this approach
is that the notion of local predictability is very general and
applies to many different kinds of objects.

In the following we introduce PermaKey which stands for
Prediction ERror MAp based KEYpoints, that leverages
this definition to learn about object keypoints and corre-
sponding representations. The main component of Per-
maKey is a prediction network, which is trained to solve
a local spatial prediction problem in feature space. It in-
volves predicting the value of a feature from its surround-
ing neighbours, which can only be solved accurately when
they belong to the same object. Hence, the error map (pre-
dictability map) that is obtained by evaluating the prediction
network at different locations carves the feature space up
into regions that have high internal predictive structure (see
Figure 2). Our approach shares similarities to the approach
taken in Borji & Itti (2012) in this regard, but leverages
predictability as opposed to the Euclidean distance as a mea-
sure of local saliency, which is more powerful and better
able to capture the notion of an object.

2.1. Spatial Feature Embedding

In order to implement the local spatial prediction problem
we require an informative set of features at each image lo-
cation. While prior approaches focus on low-level features
of image patches (eg. RGB values Isola et al. (2014), or
ICA features Bruce & Tsotsos (2005)), we propose to learn
features using a Variational Auto-Encoder (VAE; Kingma
& Welling (2014)). The VAE consists of an encoder
that parametrizes the approximate posterior qφ(z|x) and
a decoder that parametrizes the generative model pθ(xi|z),
which are trained to model the observed data using the stan-

dard ELBO objective:

Le(θ, φ) = Eqφ(z|x) log[pθ(x|z)]−DKL[qφ(z|x)||p(z)].

The encoder is based on several layers of convolutions that
offer progressively more abstract image features by trading-
off spatial resolution with depth. Hence, which layer(s) we
choose as our feature embedding will have an affect on the
outcome of the local spatial prediction problem. While more
abstract high-level features are expected to better capture
the internal predictive structure of an object, it will be more
difficult to attribute the error of the prediction network to
the exact image location. On the other hand, while more
low-level features can be localized more accurately, they
may lack the expressiveness to capture high-level properties
of objects. Nonetheless, in practice we find that a spatial
feature embedding based on earlier layers of the encoder
works well (see also Section 4.3 for an ablation).

2.2. Local Spatial Prediction Problem

Using the learned spatial feature embedding we seek out
salient regions of the input image that correspond to ob-
ject parts. Our approach is based on the idea that objects
correspond to local regions in feature space that have high
internal predictive structure, which allows us to formulate
the following local spatial prediction problem. For each
location in the learned spatial feature embedding, we seek
to predict the value of the features (across the feature maps)
from its surrounding neighbouring feature values. When
neighbouring areas correspond to the same object (part), i.e.
they regularly appear together, we expect that this prediction
problem is easy, while it is much harder when insufficient
context is available or when features rarely co-occur. Simi-
larly, when certain information content in an image remains
fixed across a large number observations it is easily pre-
dictable regardless of how much context is available. In
that sense, this prediction problem is expected to facilitate
learning about local and global saliency (Borji & Itti, 2012).

We implement the local spatial prediction problem by train-
ing a neural network (LSPN in Figure 1) to predict a center
patch of features from the 8 first-order neighbouring patches
using the learned spatial feature embedding at layer l of the
encoder. The weights of this network are trained to solve
this prediction problem across images and across feature
locations using the following objective:

Lp(ψ, l) =
1

NHW

∑
x

H,W∑
i,j

(fLSPN
ψ (A[ne(i, j)])−A[i, j])2

where A ∈ RH×W×C the set of feature maps at layer l of
the encoder qφ(z|x), and ne(i, j) are the coordinates of the
first-order neighbours surrounding i, j. The features of the
neighbouring locations are concatenated before being fed
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(a) Atari (b) Noisy Atari

Figure 2. Image (row 1), Transporter keypoints overlaid on image (row 2), PermaKey (ours) keypoints overlaid on image (row 3),
predictability maps from feature layers 0 and 1 (rows 4 & 5 respectively).

to the network. We train a separate LSPN for each of the
chosen feature embeddings and record their error at each
location to obtain predictability maps that are expected to
indicate the presence of objects (see also Figure 2).

2.3. Extracting Keypoints from Error Maps

The predictability maps can be thought of as being a super-
position of the local predictability errors due to each of the
individual objects in the scene. Hence, what remains is to
extract the k most salient regions (belonging to object parts)
as our object keypoints from these predictability maps. We
do so by training a PointNet (Jakab et al., 2018) to recon-
struct the error maps through a bottleneck consisting of k
fixed width 2D Gaussian windows that are the keypoints
(Lg loss in Figure 1). Since the bottleneck has only limited
capacity it is forced to consider locations that are most help-
ful in minimizing reconstruction error. This also requires
the PointNet to consider statistical regularities across the
predictability maps that can efficiently be described. In that
sense this procedure can be thought of as a way of (spatially)
clustering the local errors belonging to the same object by
placing keypoints.

3. Other Related Work
Learning about object keypoints is closely related to the
more general framework of discovering salient image re-
gions (Itti et al., 1998). Bruce & Tsotsos (2005) uses Shan-
non’s self information metric as a measure of saliency, while
Zhmoginov et al. (2019) uses mutual information and guide
the salience masks using information from object class la-
bels. Borji & Itti (2012) distinguishes between local and
global saliency, where the former is concerned with the
(dis)similarity between local image regions and its surround-
ings and the latter focuses on how (in)frequently information
content occurs across the entire dataset.

Recent work on object detection (Duan et al., 2019; Zhou
et al., 2019) have explored the use of a center point (i.e. key-
point) and a bounding box as an object abstraction. However,
they use ground-truth bounding boxes of objects to infer key-
point locations whereas our method is fully unsupervised.
Alternatively (Isola et al., 2015) propose a self-supervised
framework for instance segmentation where local image
patches are classified as belonging together based on their
spatial and/or temporal distance.
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4. Experiments
We empirically evaluate the efficacy of our approach on a
subset of the Atari games (Bellemare et al., 2013) that ensure
a good variability in terms of object sizes, colour, types,
counts, and movement. As a baseline, we compare against
the recently proposed Transporter (Kulkarni et al., 2019),
which was previously evaluated on Atari. A description of
all experimental details can be found in Appendix A and
additional results in Appendix B.

4.1. Atari

In general we find that are method is frequently able to
recover keypoints corresponding to object parts and stable
across multiple different runs (see also Figure 3). For exam-
ple, in Figure 2(a) (row 3) it can be seen how our method
discovers keypoints correponding to the road and traffic in
Enduro (column 3) and player and enemy tank parts (eg.
wheels, cannon) in Battlezone. On Frostbite we find that
it learns about the borders of the ice platforms, the player,
scoreboard and birds, while on Space Invaders we observe
good coverage of the rows of enemy aliens, orange shields,
bullets and scoreboard. We emphasize that while the precise
location of the keypoints often seems to focus on the bor-
ders of predictability, their associated window of attention
(i.e. in PointNet) is able to capture most of the object part.
This is better seen in Figure 4, where only the corresponding
windows of attention are shown. From the error maps (rows
4 and 5 in Figure 2(a)) it can be seen how the prediction
network implicitly learns to discover salient parts of the
image, and how the choice of feature embedding shifts the
focus from local edges to entire objects.

Compared to Transporter (Figure 2(a) row 2) we find that
our approach often produces better keypoints. For example,
on Enduro and Battlezone the Transporter fails to place
keypoints on salient object parts belonging to the road and
traffic or parts of the player and enemy tank (eg. its canon,
wheels etc.). This is intuitive, since in these environments
moving image regions do not always correspond to objects.
Indeed, on Frostbite and Space Invaders, where this is not
the case, the keypoints produced by Transporter and our
method are of comparable quality.

4.2. ”Noisy” Atari

In order to demonstrate the limitations of the explicit mo-
tion bias in Transporter we synthesized a modified version
of Atari that contains a coloured strip (either horizontal,
vertical or both) at random locations in the environment,
thereby creating the illusion of motion. Figure 2(b) (row 3)
demonstrates how our method is more resistant against this
distractor by focusing on predictability and is able to recover
keypoints belonging to object parts as before (eg. player,

skull, ladder positions in Montezuma’s Revenge). Indeed,
notice how the distractor does not show up in the error maps
(rows 4 and 5) as it corresponds to a predictable patterns
that was frequently encountered across the entire dataset1.
In contrast, we find that Transporter (row 2) dedicates many
of its available keypoints to track the distractor at the cost of
actual salient (static) object parts found in the environment.

4.3. Ablation Study

Number of keypoints We perform the same experiment
with a variable number of keypoints in PointNet and find that
it prioritizes regions in the error map that contribute most to
the reconstruction loss (see Figure 5 in the Appendix). On
the other hand, when the number of keypoints is too large,
the remaining keypoints are placed at seemingly random
locations eg. the border of the image.

Effect of layer choice for predictability We perform the
same experiment, but vary the choice of encoder layers as
the spatial feature embedding (see Figure 6 in Appendix).
When only the lower layers are used, then we find that the
corresponding error maps tend to focus more on highly
local image features. In contrast, when only higher later are
used then we find that the loss in spatial resolution leads to
highly coarse keypoint localization. In practice, we find that
using feature layers 0 and 1 offers the right balance between
spatial locality and expressiveness of features.

Effect of Convolution kernel size As a final ablation we
varied the kernel size of the convolutional layers in the
encoder. Here it was observed that a kernel size of 4 for
84 × 84 images achieves the best results and that larger
kernel sizes and strides (≥ 2) reduce the spatial resolution
of the feature maps and lead to coarser keypoint localization.

5. Conclusion
We proposed a novel approach, called PermaKey, to repre-
sentation learning based on object keypoints that leverages
predictability to identify salient regions that correspond to
object parts. Through experiments on Atari it was empiri-
cally shown how our method is able to learn accurate object
keypoints that are more robust to distractors, unlike a base-
line approach. Future work includes scaling this approach
to more complex 3D visual worlds involving changing back-
grounds, distractor objects, occlusions, egocentric vision
etc. Similarly, designing quantitative evaluation metrics
to measure the efficacy of keypoints extracted by different
methods would allow for better performance analysis and
model design as we begin to scale-up these ideas to more
complex visual domains.

1This observation also confirms that the prediction network
does not collapse to a naive color thresholder.
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A. Experiment Details
A.1. Datasets

Atari We aggregate Atari game frames from the repre-
sentative rollouts of various pre-trained agents in the Atari
Model Zoo (Such et al., 2019). We split the aggregated set
of game frames for each of the chosen environments into
separate train, validation and test sets of 85,000, 5000 and
5000 samples respectively.

Noisy Atari We start with the same dataset described
above for Atari. We simply additively superimpose col-
ored bars (either horizontal, vertical or both) centered at
random x-y co-ordinates for a batch of samples on-the-fly
during training/evaluation to generate the required Noisy
Atari samples.

A.2. Architecture and Training Details

A.2.1. OUR METHOD

We train our method using the Adam optimizer (Kingma &
Ba, 2015) with a initial learning rate of 0.0002 and decay
rate of 0.85 every 10000 steps. We use a batch size of 32
and in all cases train for 100 epochs, using use early stop-
ping of 10 epochs on the validation set to prevent overfitting.
All modules (i.e. the VAE, the prediction network, and
PointNet) are trained in parallel using their respective losses.
We do not backpropagate gradients between modules to im-
prove stability. The same hyperparameters are used across
all environments except for the number of keypoints.

Variational Autoencoder We use a convolutional neu-
ral network with 4 Conv-BatchNorm-ReLu layers for the
encoder network of the VAE. The encoder network uses
kernel sizes [4, 3, 3, 3], filters [32, 64, 64, 128] and strides
[1, 2, 2, 1]. The architecture of the decoder is the transpose
of that of the encoder with 2× bi-linear upsampling used to
undo the striding.

Prediction Network We use a separate 3-layer MLP with
hidden layer sizes [8×p×p×C, 512, 256, p×p×C] where
p denotes height and width of activation patch and C the
number of channels of the activation map of encoder CNN.
We use linear output activations for the prediction network
and use a separate network for each of the selected layers
of the VAE encoder that perform a separate local spatial
prediction task. We use encoder layers [0, 1] and p = 2 for
the local spatial prediction task.

PointNet For the PointNet network we use the same en-
coder architecture as for the VAE, but add a final 1 × 1
regressor to K feature-maps corresponding to K keypoints
(Jakab et al., 2018) with a standard deviation of 0.1 for the
Gaussian masks. We resize predictability maps to 84× 84

and concatenate them channel-wise before feeding it to the
PointNet.

A.2.2. TRANSPORTER RE-IMPLEMENTATION

We re-implemented the Transporter model (Kulkarni et al.,
2019) for our baseline method. We used a encoder net-
work of 4 Conv-BatchNorm-ReLu layers. The feature
extractor network Φ uses kernel sizes [3, 3, 3, 3], filters
[16, 16, 32, 32] and strides [1, 1, 2, 1]. The PointNet Ψ uses
the same architecture but includes a final 1 × 1 regressor
to K feature-maps corresponding to K keypoints. 2D co-
ordinates are computed from these K maps as described in
(Jakab et al., 2018). The RefineNet uses the transpose of
Φ with 2× bi-linear upsampling to undo striding. We used
the Adam optimizer with a learning rate of 0.0005 with a
decay rate of 0.9 every 30000 steps and batch size of 64. We
trained for a 100 epochs with an early-stopping parameter
of 5 to prevent over-fitting.

The same hyperparameters are used across all environments
except for the number of keypoints.

B. Additional Results
B.1. Additional Visualizations

B.1.1. SEEDS

We evaluate the stability of our keypoint discovery method
over 5 random seeds on the Enduro environment with all
hyperparameter settings same as described in Appendix A
and the qualitative results are shown in Figure 3.

B.1.2. KEYPOINT MASKED REGIONS

Figure 4 shows the keypoint mean (center) as well as Gaus-
sian mask around it. We can see clearly from Figure 4
that although the keypoint centers might be slightly focused
towards the borders of predictability their corresponding
attention windows ensure good coverage of salient object
parts in the scene.

B.2. Ablation Studies

B.2.1. NUMBER OF KEYPOINTS

We modulate the number of keypoints available to the Point-
Net and observe its qualitative effects. On the Frostbite
environment we use 15, 20, 25 keypoints (shown in Figure 5
and keep all the other hyperparameters same as described
above in Appendix A.

B.2.2. TRADING OFF LOCALITY WITH PREDICTABILITY

We experiment with the choice of feature layer(s) used for
the local spatial prediction task and observe its qualitative
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Figure 3. image (row 1), keypoints colour coded from 5 random seeds overlaid simultaneously on image (row 2). As we can see the
learned keypoints remain stable across different runs and capture the salient object parts i.e. player, edges of the road, oncoming traffic,
scoreboard etc. each time

effects on the keypoints discovered. On the Space Invaders
environment we use the following sets of feature layer(s) =
{(0), (0, 1), (2, 3), (0, 1, 2, 3)} and retain the same values
for all the other hyperparameters as described above in
Appendix A. Results shown in Figure 6).



Unsupervised Object Keypoint Learning using Local Spatial Predictability

Figure 4. image (row 1), keypoint centers (row 2) and keypoint windows/masks (row 3)

Figure 5. Image (row 1), keypoints (15, 20 and 25) overlaid on image (rows 2, 3 and 4). With 15 keypoints (row 2) we can see that our
model prioritizes the keypoints to capture only the most salient object parts in the scene i.e. ice floats, player, scoreboard etc. As we
increase the number of keypoints available it places the excess keypoints on the right border, after having captured all the highly salient
object parts i.e. ice floats, player, birds etc.
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Figure 6. Image (row 1), keypoints using feature layer(s) = {(0), (0, 1), (2, 3), (0, 1, 2, 3)} (rows 2, 3, 4 and 5 respectively) for local
spatial predictability task. We can see that using feature layers 0 and 1 achieves the best keypoint quality. Including higher feature layers
(rows 4 and 5) results in more uneven grouping of rows of enemy aliens to keypoints (columns 1, 2 and 6 row 5) and failure to track
orange shields (rows 4 and 5)


