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Abstract

We study the problem of common sense placement of vi-
sual objects in an image. This involves multiple aspects
of visual recognition: the instance segmentation of the
scene, 3D layout, and common knowledge of how objects
are placed and where objects are moving in the 3D scene.
This seemingly simple task is difficult for current learning
based approaches because of the lack of labeled training
data which ideally should consist of a variety of foreground
objects paired with cleaned background scenes with no ob-
Jjects with many demonstrated plausible object locations.
Because of this challenge, many current solutions only work
in synthetic environments or rely on dense supervision. We
propose a self-learning framework that automatically gen-
erates the necessary training data without any manual la-
beling by detecting, cutting, and inpainting objects from an
image. We learn a generative model that predicts a distri-
bution of common sense locations when given a foreground
object and a background scene. We show experimentally
our object placement network can be used to augment train-
ing data to boost instance segmentation. In addition, the
learned representation of our placement network displays
strong discriminative power in image retrieval and transfer
learning. Inspired by human’s memory system, we call our
self-supervised learning system mental replay.

1. Introduction

Studies in humans and animals suggest that the mental
replay of past experiences is essential for enhancing visual
procession as well as making action decisions [3]. We ask
the question: can developing a computational mental re-
play model help to improve Al visual perception tasks such
as recognition and segmentation? More specifically, would
the mental replay of object placement and scene affordance
boost visual recognition systems?

This is not only a scientific question, but also a highly
practical one for training a deep learning network. Most
Al systems based on deep learning have a large appetite for

Figure 1: Given a foreground object and a background
scene, our model is able to learn a set of reasonable and di-
verse locations for where to place the object into the scene.

a vast quantity of human-labeled training dataset. Several
recent works demonstrated ‘copy-paste’ like data argumen-
tation by inserting objects into a background image in order
to boost object recognition performance [5, 7, 6, 9, 24]. If
the mental replay of object placement could be carried out
reliably, these methods point to a new way of data augmen-
tation by utilizing self-supervised learning of object place-
ment.

Motivated by vast amount of driving scenes in public
datasets, we create a self-supervised mental replay task of
learning object placements into street scenes. Our system
starts by observing many annotated street scenes along with
psuedo ground truth annotated scenes. It learns to mental
replay: transferring objects from one scene and composite
them into plausible scenes at plausible new locations. This
task has many useful side-effects: 1) it encourages the algo-
rithm to discover functionality based object and scene fea-
tures, and their contextual dependency; 2) it helps to create
rare object-scene compositions to balance out biases in the
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training dataset.

The self-learning can also come for ‘free’ just by ob-
serving unlabeled scenes. Our insight is that we can gen-
erate ‘free’ labeled training data using an instance segmen-
tation network [11] to cut out objects and fill in the holes
using an image inpainting network [25]. The ‘free’ labeled
object-background pairs tell us what the object looks like
and where it is placed.

The ‘free’ labeled object-background pairs are then fed
into our object placement network. The key challenge is
to learn diverse yet precise object placements. There is
a many-to-many mapping between the objects/scenes with
plausible placement solutions. For example, one object-
scene image pair can correspond to many different ob-
ject placements (one-to-many). At the same time, similar
object-scene pairs can correspond to the same object place-
ment (many-to-one). The two key properties we want are
1) diversity: learns a many-to-many mapping, where im-
ages consisting of similar object-scene pairs can correspond
to similar distributions of outputs; and 2) modularity: the
objects and scenes are represented modularly to allow for
maximal composition possibility for placing objects into
scenes.

The diversity objective requires us to go beyond com-
mon approaches such as Variational Auto-Encoder (VAE)
[12] and GAN [10] that suffer from mode collapse, which
inhibits the many-to-many mapping we desire. We demon-
strate our proposed network by building on the recent work
of Normalized Diversification [ 7], and show its capability
to generate rare compositions of objects and scenes.

In contrast with [14], we learn object placements using
images of objects and backgrounds as input without com-
pressing them to abstract category names. Using image ap-
pearances as input is much harder due to large feature di-
mensionality, but it allows us to create more contextually
natural scenes compared to using GAN generated objects.

In contrast with [7], we can sample directly from the
joint distribution of three disjoint variables: object appear-
ance, scene appearance, and stochastic variations of object-
scene interaction, without being forced into a compressed
conditional distribution. This allows us to generate a far
greater diversity of scene compositions.

We evaluate our object placement learning in terms of
two applications. First, we use our learned object place-
ment to augment datasets for instance segmentation. Our
hypothesis is that by compositing scenes that model the dis-
tribution of any object, we are able to improve the perfor-
mance on rare classes by placing them more naturally into
scenes. Second, we test whether the encoding we learned
for object placement can help with object recognition. Our
hypothesis is that image features learned for the task of ob-
ject placement are useful for retrieval and transfer learning.

2. Related Work
2.1. Learning Object Placements.

There have been several attempts to solve the task of ob-
ject placement with deep learning. Lin et al [16] proposed
Spatial Transformer Generative Adversarial Networks (ST-
GAN) that iteratively warps a foreground instance into
a background scene with a spatial transformer network
via adversarial training against geometric and natural im-
age manifolds. Azadi et al [1] proposed a self-consistent
composition-by-decomposition network named Composi-
tional GAN to composite a pair of objects. Their insight
is that the composite images should not only look realistic
in appearance but also be decomposable back into individ-
ual objects, which provides the self-consistent supervisory
signal for training the composition network. Li et al [15] fo-
cused on predicting a distribution of locations and poses of
humans in 3D indoor environments using Variational Auto-
Encoders [12]. The work closest to ours is Lee et al [14],
where they proposed a two-step model that predicts a distri-
bution of possible locations where a specific class of objects
could be placed and how the shape of the class of objects
could look like using semantic maps.

Most of these works, while demonstrating the effective-
ness of their approaches, fall short mainly due to their re-
liance on synthetic datasets [1] [15][16] or on semantic
maps [14]. Thus, the existing approaches cannot general-
ize well to complex situations in the wild.

2.2. Data Augmentation for Object Recognition

There have been many efforts to improve performance of
Object Recognition through data augmentation. One simple
method to accomplish this is through geometric transfor-
mations of the images [! 1, 8, 18, 22] such as scale changes,
horizontal flips, cropping, and rotations. By varying the lev-
els of context around objects, the orientation, and the size
of objects, their aim is to augment the data distribution that
better matches the natural distribution of objects. Another
method includes adjusting the signal-to-noise ratio to model
the uncertainty in object boundaries and other possible sam-
pling noises [8] by distorting the color information.

It has been demonstrated that context plays a key role
in vision recognition systems [21, 23]. Having contextu-
ally related objects in a scene has more of an multiplicative
effect than an additive one. That is, a scene composed of
contextually sound objects is more than the sum of the con-
stituent parts. Both [21, 23] validate that having contextu-
ally related objects provides more evidence for recognition
than beyond just the local evidence of the object instance
itself.

Instead of operating on the original data, one way to gen-
erate new images is to cut and paste object instances onto an
image [5, 7, 6, 9, 24]. This has been shown to be effective
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296 Figure 2: In our data acquisition pipeline, we first cut out the object region with the instance segmentation mask and obtain 280
297 each individual object image with the corresponding ground truth, such as bounding box, at the same time. We then use an 281
208 image inpainting network to fill the holes of the occluded region and generate the clean background. 282
229 283
230 . . . . . U .. 284
231 for both object detection and instance segmentation. image inpainting network to generate the necessary training 285
239 The context-based cut and paste method most related to data for object placement learning. 086
233 our work is [5], in that placement is learned based on con- Our insight is that we can generate such training data 287
234 text. But [5] does not condition the placement of the object by removing objects from the background scenes. With an 288
235 on both the context and the appearance of the instance itself instance segmentation mask, we can first cut out the ob- 289
236 like ours. Instead the locations are classified on which class ject regions and then fill in the holes with an image inpaint- 290
237 is most likely to be present in each location given the con- ing network. After that, we simultaneously obtain a clean 291
238 text. The method used is unable to distinguish if specific background scene without objects in it, the corresponding 292
239 object instances of the same semantic class actually belong ground truth locations, and scales for placing these objects 203
240 in the scene given the context. into the scene. The overall process is described in Fig.(5). 204
a1 Another work that is conditioned on both the appearance The instance segmentation could be obtained from labeled 295
2492 of the object and the context is [7]. But the only synthesis data or a pretrained Mask R-CNN network [|1]. The in- 296
243 comes in the form of paired object-context scenes since an painting network [25] is trained by randomly cropping out 297
244 object can only be placed at different locations in the image regions and letting the network fill the holes. After the train- 298
245 based on a probability map. ing, the inpainting network learns a prior to fill the holes 299
246 with background information even if the holes were previ- 300
247 3. Methods ously occuple.d by some objects. Such GAN synthesis bias 301
248 has been studied in [2]. Nevertheless, the instance segmen- 302
249 Our work aims to learn to place foreground objects into tation network and the image inpainting network are used 303
250 background scenes without heavy human labeling. To do as building blocks in our data acquisition system, but the 304
251 so, we first propose a novel data acquisition technique networks themselves are not the focus of this work. 305
252 which leverages an image inpainting network. With gen- 306
053 erated training data, we propose a generative model named 3.2. Learning Object Placements 307
254 PlaceNet to predict a set of diverse but plausible locations 321 Overall Network Desien 308
255 and scales .to place foregroupd objects into background o g 309
256 scenes. With the learned ObJeCt. plac-emént network, we Most objects can have a multitude of possible placements 310
257 fqrther propose a data'augmentatlc')n pipeline to composite in a given scene. For example, a pedestrian could stand on 311
258 dlfferfent .foregrounds nto many different backgrounds for the left or right side of the street, walk across the street, or 312
259 boosting instance segmentation. stand besides a car. To model such diverse and dense ob- 313
260 3.1. Data Acquisition by Inpainting ject placements is challenging, .sin.ce ol?ject placements in 314
261 real scenes are very sparse. Our insight is to share informa- 315
262 What kind of data do we need in order to learn common tion across similar objects and similar backgrounds, where 316
263 sense object placements? Intuitively, our training set needs similar foregrounds and backgrounds would correspond to 317
264 to contain paired examples of a foreground object, a cleaned similar distribution of placements. 318
265 background scene without objects, and labeled plausible lo- In order to share information across sparse samples, our 319
266 cations to place the object. While such labeled data would insight is to encode foregrounds and backgrounds into a fea- 320
267 be extremely difficult and expensive to obtain, we propose ture space, where foregrounds can be clustered by their se- 321
268 a novel data acquisition system. Our system leverages ex- mantic functionality and backgrounds can be clustered by 322
269 isting instance segmentation dataset and a self-supervised layouts and affordance. We demonstrate the feature learn- 323
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Figure 3: In our object placement network, we first extract features of foreground and background image, combined with a
random variable sampled from a U (1, 0) uniform space, and decode to the predicted object location and scale. The predicted
outputs are checked in terms of plausibility by a conditional discriminator and are diversified by preserving the pairwise
distance between the sampled outputs and corresponding latent variables.

ing of our encoders in section 4.4. In our network, a fore-
ground object and a background scene are first encoded into
two feature vectors. The two feature vectors, combined with
a sampled latent variable, are then decoded to the predicted
object location and scale, which are parameterized as nor-
malized center point, width, and height. In the encoding
space, the foreground and background features provide nec-
essary conditional information to determine the plausible
placement regions, and the latent variable controls stochas-
tic sampling of a specific predicted object placement. Dur-
ing training, we use a normalized diversification loss [17] to
explicitly force the random variables to model the stochas-
tic predictions and an adversarial loss [10] to check if the
sampled object predictions are reasonable.

3.2.2 Model Diverse One-to-Many Distribution

Normalized Diversification (NDiv) [17] is proposed to re-
lieve mode collapse in image synthesis. The main idea is
to preserve the pairwise distance between the sampled out-
put and the corresponding latent codes. Here, we borrow
the idea of preserving the pairwise distance between outputs
and latent variables in the context of our diverse conditional
placement predictions.

In the latent encoding space, we sample a random vari-
able from the U(0,1) uniform space, combined with the
foreground and background codes, and decode to the pre-
dicted object placements. One sampled random variable
would correspond to a unique plausible object placement.
This is realized by preserving the pairwise distance between

sampled object placements and latent variables. The loss
function is shown as follows,

N N
1
Londgiv(y, 2) = NN Z Zmam(& aDj; = DY) (1)
i=1 i#j

dz (Ziv Zj)

dy(yi,y;)
_ R\ ) ) , Dy _ Yy J 2
Zj d:(2i, ) @

Dizj = ij —
> j dy (Y3, Y;)

where N is the number of sampled latent variables, z de-
notes the latent variable, y denotes the predicted placement
location and scale, and %, j indicate the sample indices, ij,
D} € RN*N are normalized pairwise distance matrices,
« is a relaxation hyperparameter in the hinge loss. Every
pair of unnormalized distance is simply measured using Eu-
clidean distances define as follows,

d=(zi,25) = [lzi =zl o dy(yi,y) = llyi —ysll 3

In our implementation, we sample N = 4 latent vari-
ables at each iteration, and aim to preserve the pairwise
distance between the four sampled object placements with
respect to the four latent variables in the uniform latent
space. With this optimization purpose, we explicitly en-
courage random variables to actively model stochasticity in
the placement predictions.
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Figure 4: In our data augmentation pipeline, the foreground database contains masked foreground objects and the background
database contains “cleaned” backgrounds with no objects. To make sure the selected foregrounds semantically make sense
to be placed into a background, we retrieve top K nearest neighbors of foregrounds with respect to the objects that were
previously in the background scene. Then, we randomly select several foregrounds in the retrieved subset of foregrounds and
copy-and-paste them into a selected background with predicted locations and scales from our PlaceNet.

3.2.3 Adversarial Check on Predictions

While normalized diversification encourages the network to
sample diverse placements, we apply a conditional adver-
sarial loss [19] to check whether the predicted placements
are plausible. Our discriminator takes the predicted place-
ment as input and tries to distinguish it from the ground
truth placement conditioned on the foregrounds and back-
ground. The adversarial loss is defined as follows,

Ladv :Ex’vpdata(x) [lOg(D(ny, b))]
+ E.np(z) [log(1 = D(G(z]f,b)| f,0))]

where f is the foreground, b is the background, y is real
placement, z is the random variable, D and G are discrimi-
nator and generator respectively. In order to stabilize train-
ing, we use spectral normalization [20] to scale down the
weight matrices in the discriminator by their largest singu-
lar values, which effectively restricts the Lipschitz constant
of the network.

“4)

3.3. Data Augmentation

We randomly select a background to start placing ob-
jects, but the starting background could be completely
empty and filled in with inpainting or only a few objects
removed. This allows us to combine the natural distribution
of the object placements with our own generated ones. This

essentially can generate more contextually natural and more
varied scenes around objects.

After selecting the background, we then choose objects
that are semantically similar to the ones previously removed
from the scene. This is done because there can be multiple
reasons why two instances of the same class might not be-
long in the same scenes. The most obvious reason why an
object might not belong is that some instances are occluded.
For example there are many “floating heads” in Cityscapes
[4] because cars are in front of the person. This is done
by selecting top K nearest neighbors from the foreground
database for each of the previously existing objects in the
scene. We use our pretrained encoder to extract features of
foregrounds and use cosine similarity as a distance metric
to find top K neighbors. The overall pipeline is shown in fig
(4). Basically, the K nearest neighbors search finds a plausi-
ble subset of foregrounds to add into a specific background.

From there, we randomly select an object from a re-
trieved foreground subset and feed them into PlaceNet to-
gether with a background image one at a time. From the
predicted locations and scales, we simply cut and paste to
synthesize the new image. This method of synthesizing has
been demonstrated by previous works [24, 5, 7] to not be
detrimental for detection or instance segmentation despite
the visual flaws at the borders.

Due to the diversity property of the placement network,
we are better able to model the probability distribution map
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Figure 5: This is a qualitative comparison of object placement predictions between two baseline models and our PlaceNet.
The first column is the input foreground and the right three columns are the predicted placements in a specific background.
As seen, the regression model could only produce a single solution and cVAE-GAN model can sample a set of solutions but

collapse at certain regions compared to our results.

of objects in a scene. The modularity of our design allows
us to generate any pair of object-context images. These two
properties combine to generate novel scenes with contex-
tually related objects that appear sufficiently different yet
natural. Another effect of this is that we can decorrelate in-
stances from a specific scene and location using diversity
and modularity since objects can naturally move around.

4. Experiments

In the experiment section, we first evaluate the plausi-
bility and diversity of our placement predictions compared
with strong baseline models. We then evaluate how much
our data augmentation technique could boost instance seg-
mentation performance. Finally, we also show that our fore-
ground and background encoders learn meaningful repre-
sentations in terms of image retrieval and classification.

Models Plausibility Diversity
Regression Baseline 73.1%/373% O
cVAE-GAN Baseline [13] 75.9%/38.6%  0.0289
PlaceNet (Ours) 76.4% /39.5% 0.0392

Table 1: Evaluations on object placements. In the first col-
umn, the left numbers indicate the percentage of plausible
results from the user study, and the right numbers indicate
the percentage of predicted placements is indistinguishable.

4.1. Object Placements
4.1.1 Baseline Models

We compare our placement network with two baseline mod-
els, which are a deterministic model and a variational gen-
erative model.

Regression Model is a baseline model that directly min-
imize the mean square error between the predicted object
locations and scales. It is a determinisitic model meaning
that it can only predict one solution for one pair of fore-
ground and background inputs.

c¢VAE-GAN is a combination of conditional Variational
Auto-Encoder (cVAE) and Generative Adversarial Newtork
(GAN). This model encodes conditional inputs into a Gaus-
sian latent space, where it can sample a distribution of solu-
tions for a given conditional input.

4.1.2 Plausibility and Diversity

We evaluate the predictions of object placement in terms
of plausibility and diversity. For plausibility evaluation, we
conduct two types of human evaluations. First, we ask eval-
uators to decide whether the predicted location is reason-
able given the object and the scene, and then compute the
percentage of user selected examples. The higher the per-
centage the better the plausibility. Second, we give the user
a ground truth placement image and a network predicted
image at the same, and let the user select which one is more
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Figure 6: The top row comes from the baseline, and the bottom row comes from our best model (Ours + InstaBoost). In
the first image (from left to right), there is small car clearly ahead of the ego vehicle yet the baseline fails to capture it. In
the second picture we detect all the bikes on the bike rack. For the third picture, the baseline has a difficult time in crowded
scenes, and it misses multiple people. The motorcycle in the last image is completely missed probably due to its low class
appearance. We can detect more highly occluded and small instances where context is more important for identifying them.

Methods Person Rider Car Truck Bus Train Motorcycle Bicycle mAP mAP5,
Baseline 0202 0.069 0.620 0.495 0493 0.156 0.133 0.118 0.286 0.634
Random Placement 0.210 0.097 0.619 0.449 0471 0.143 0.128 0.118 0.279 0.610
InstaBoost [7] 0.202  0.164 0.627 0.465 0.479 0.196 0.143 0.121 0.300 0.684
Ours 0.198  0.080 0.621 0.487 0.512 0.264 0.143 0.109 0.302 0.664
Ours + InstaBoost [7] 0212  0.150 0.630 0.448 0.506 0.324 0.139 0.119 0.316 0.695

Table 2: Instance segmentation results using Mask R-CNN (Res-50-FPN) under different types of data augmentation.

realistic. The best score for this experiment would be 50%,
which indicates the predicted results are indistinguishable
from labeled results. Overall, we evaluate 200 testing ex-
amples across ten users and average the results. The results
indicate that our model can produce similar or better plau-
sibility compared to the baseline approaches.

To evaluate how diverse the predicted object placements
are, we compute the pairwise absolute distance between
sampled outputs for each conditional input and average the
results across 1,000 testing examples. The predicted out-
puts are normalized horizontal and vertical location, width
and height in range between 0 and 1. The higher the pair-
wise absolute distance indicate more diversity in the pre-
dicted outputs. The results indicate that our method can
outperform cVAE-GAN baseline by an obvious margin.

4.2, Data Augmentation

Even though our placement model could be trained on ei-
ther labeled instance masks or coarse masks generated from
Mask R-CNN, we use only the Cityscape labeled masks to
train our placement network for data augmentation. This
ensures that we use the exact same amount of labeled data
as the non-augmented baseline for fair comparison.

One thing we noticed is the class imbalance in the
Cityscapes dataset [4] in that there are very few trains, rider,
bicycles, and buses. In order to improve the performance
of rare and hard to detect classes, we biased some of aug-

mented data to sample inversely proportional to the fre-
quency of the class. And from Table (2) we can see that
biasing the synthesized images towards rare classes does
improve the results of some of the classes. We can see the
greatest improvement in trains which was the rarest class,
accounting for 0.67% of all annotated instances.

4.2.1 Comparison with baselines and state-of-the-art

Baseline and Random Placement. To test our data aug-
mentation, we started with the baseline gtFine annotated of
3475 images. The baseline model is trained with the labeled
images only. Then we generated data in which the instance
object and the location of that instance were randomly se-
lected. We can see that the random placement of objects
hurts the performance which is consistent with [7, 5].

Comparison to the State-of-the-Art. Then as a com-
parison to a state-of-the-art data augmentation technique
that has demonstrated a performance boost, we utilized [7]
in the Cityscape dataset [4]. As expected, both InstaBoost
and our method can boost the performance by obvious and
similar margins compared to the baseline.

Our last test combined both [7] and our method to check
if the augmentation we perform forces the network to learn
different attributes. We can see a larger overall performance
increase from combining both methods. This combination
allows for higher detection rate of small and occluded ob-
jects. Seeing as how the combination performs much better
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Figure 7: We show that our learned foreground encoder can retrieve images with similar semantic categories and poses, and
our learned background encoder can retrieve images with similar layouts. The figures on the left side of dashed line are query
images and the figures on the right side of dashed line are top retrieved images. We can see that for the background the
buildings all vary while the road layout and sidewalks remain similar. Through the object placement task, our system learns

to cluster scene affordance.

than each one alone, we can be confident that the distribu-
tion of information in our synthetic data is different enough
from [7].

4.2.2 Implementation Details

For network training on the Cityscapes dataset [4], we used
facebook’s detectron2. For the data preparation, we scale
images to be 128x256, which is the same size as the in-
puts/outputs of the placement network. All experiments ran
for 200k iterations with an evaluation every 1000 iteration.
Two classes, trailer and caravan, are removed due to their
extreme rarity. The anchors used were scaled down 8x from
the default anchors to match the down sampled images. The
learning rate used is 0.0025 with a learning rate step at every
50k iterations. The batch size used is 8.

4.3. Feature learning

A key property of our network is to share information
across sparse observations of samples such that we can
learn a dense distribution of diverse placements between
a foreground and a background. This is achieved in that
our foreground and background are able to learn a fea-
ture representation such that the encoding space can cluster
foregrounds and backgrounds based on their semantics and
functionality. We demonstrate that our encoders learn such
features through image retrieval for both foregrounds and
backgrounds. As shown in Fig. (7), the foregrounds can be
clustered with consistent semantics and poses and the street
scenes can be clustered with same semantic layout regard-
less of building appearances.

In addition, we show that our pretrained features can be
used to classify foreground objects by fine-tuning on few la-
beled training data. As seen in table. (3), the classifier with

Training Data From Scratch ~ Learned Encoder

1000 343 46.5
5000 52.5 74.8
10000 67.7 86.3

Table 3: This table shows that the classification perfor-
mance between a classifier trained from scratch and a clas-
sifier fine-tuned on our pretrained foreground encoder. The
first column indicates total number of training data for eight
classes of foregrounds.

our pretrained features consistently outperforms the classi-
fier trained from scratch with different training settings.

5. Conclusion

We formulated the task of learning object placement as a
problem of mental replay that can be decomposed into two
separate properties: diversity and modularity. The diversity
aspect properly models the distribution of plausible object
locations in a single scene, and the modularity models the
distribution of plausible scenes that an object can exist in.
In keeping with these properties we have demonstrated the
ability to synthesize contextually natural novel data that can
boost vision recognition systems. In addition to the gener-
ative ability, the encoding of both the object and the back-
ground display strong discriminative power in that they are
clustered according to their semantics and functionality. In
the future we want to extend our system into more complex
scenes and temporal contextual relationships.
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