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Abstract. Neural networks need big annotated datasets for training.
However, manual annotation can be too expensive or even unfeasible
for certain tasks, like multi-person 2D pose estimation with severe oc-
clusions. A remedy for this is synthetic data with perfect ground truth.
Here we explore two variations of synthetic data for this challenging
problem; a dataset with purely synthetic humans and a real dataset aug-
mented with synthetic humans. We then study which approach better
generalizes to real data, as well as the influence of virtual humans in
the training loss. Using the augmented dataset, without considering syn-
thetic humans in the loss, leads to the best results. We observe that not
all synthetic samples are equally informative for training, while the in-
formative samples are different for each training stage. To exploit this
observation, we employ an adversarial student-teacher framework; the
teacher improves the student by providing the hardest samples for its
current state as a challenge. Experiments show that the student-teacher
framework outperforms normal training on the purely synthetic dataset.

1 Introduction

The broad success of deep neural networks comes at a price: the ever growing
need for huge amounts of labeled training data. For many tasks, the lack of data
seems to be one of the major limiting factors of progress. It is particularly prob-
lematic for the tasks where manual labeling requires significant human effort,
or is even unfeasible. For example, in multi-person 2D pose estimation, a major
challenge is that people are often partially visible. Manual annotation of body
joints that are severely occluded is error prone and the resulting labels are noisy.
Computer graphics can help to resolve these issues. 3D rendering engines offer
the opportunity to generate a large amount of data with perfect labels: e.g., the
location of occluded body parts and the precise pose of the camera.

Nowadays, large scale synthetic datasets with reasonable realism can be gen-
erated relatively easy and the idea of synthesizing training data has been widely
explored. In general, there are two common strategies for generating a syn-
thetic dataset: rendering a purely synthetic dataset, and augmenting real train-
ing images with synthetic instances. The advantage of the former is the full
control over the virtual 3D world and ability to generate high variance datasets
[4,5,12,29,35,36,38,44]. The advantage of the second approach is that some of
the instances in the dataset are real, resulting in overall higher realism [2,11,40].
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Fig. 1. Qualitative comparisons between our models and Cao et al. [8].
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We generate both types of synthetic datasets. One purely synthetic dataset
and a mixed dataset, which is generated by augmenting the MPII pose estima-
tion dataset [3] with synthetic humans. In particular, we design these datasets
to improve on frequent failure cases that we observe with state-of-the-art models
(see Fig 1), namely uncommon camera angles and strong occlusion. By compar-
ing generalization performance using these two datasets we obtain insights into
which way of generating data is preferable. We further investigate how strongly
the lack of photorealism of the synthetic humans limits generalization. To make
the synthetic data more realistic, we propose a simple synthetic-to-real human
style transfer algorithm, based on the work of Dundar et al. [10].

These experiments show that naive training with synthetic data leads only
to limited improvements. One explanation is that training on large synthetic
datasets leads to overfitting of the model to the features of synthetic data. We
observe that some synthetic images convey more information than others. Over-
fitting to features of synthetic data could be limited by generating only useful,
i.e. difficult synthetic data, and thus limiting the training on synthetic data.

As a step in this direction, we propose a method to use synthetic datasets
more effectively. Specifically, we introduce an adversarial student-teacher frame-
work. The teacher learns online which training data is still difficult. This infor-
mation is then used to increase the sampling probability of similar examples. By
taking into account feedback from the student, the teacher keeps on updating
the sampling probabilities throughout training and adapts them to the specific
needs of the student. Training with the teacher on the purely synthetic data
outperforms normal training.

Our contributions can be summarized as follows: 1) We propose a large-scale
synthetic multi-person dataset, a mixed dataset, and a domain-adapted version
of the latter. 2) We explore which way of generating synthetic data is superior
for our task. 3) We propose a student-teacher framework to train on the most
difficult images and show that this method outperforms random sampling of
training data on the synthetic dataset. We provide datasets and code1.

1 https://ltsh.is.tue.mpg.de

https://ltsh.is.tue.mpg.de
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2 Related Work

Synthetic datasets with humans. The need for labelled training data has
fueled development of datasets with synthetic humans. Many methods use 3D
models of the human body to generate data [4,5,16,35]. Other approaches aug-
ment 3D training data by utilizing 2D pose datasets [9,37], while [40,43] augment
datasets with cut-outs of objects or animals. Closely related to our approach,
[36,44] render the SMPL model [27] on top of random indoor images. These
methods generate datasets with a single synthetic human. Multi-person datasets
were created by employing video games for pedestrian detection [29] and pose
tracking [12]. Similarly, [30] develop a simulation environment in a game engine,
including virtual humans. Related to our approach, [38] augment real training
images similar to the ones in [44] but with multiple synthetic humans occluding
each other.

Domain Adaptation. The quality of synthetic data is often insufficient
to generalize well to real data. Several domain adaptation methods have been
developed to overcome this problem. Shrivastava et al. [42] train a Generative
Adversarial Network (GAN) to refine synthetic images, while keeping the label
information intact. Recently, Cycle-GAN has been used to map images from one
domain to another [4,31]. However, GAN-based methods are prone to unstable
training and require tedious hyper-parameter tuning. As a practical alternative,
recently [10] proposed domain stylization to stylize synthetic images to real ones,
using the fast photorealistic image stylization method of [25].

Human pose estimation. Multi-person pose estimation has attracted sub-
stantial attention over the last years [8,14,15,19,23,28,32,33]. One of the most
popular datasets is the MPII multi-person pose estimation dataset [3]. Among
the best performing methods on MPII are: [33], which uses a pose partition net-
work, [28], which uses context information, [15], which refines pose predictions,
and [32], which predicts “tag maps” to solve the grouping problem. The most
widely used method is OpenPose [8], a bottom-up approach that first predicts
keypoints and then estimates Part Affinity Fields (PAFs) to group them.

Learning to train. Bengio et al. [6] introduce curriculum learning for learn-
ing systems, exploiting the idea that different data samples are informative at
different training stages. As a proof of concept they manually define the sam-
ples for each stage with gradually increasing difficulty. Multiple methods have
focused on automating curriculum learning [7,13,20,24]. These approaches try to
maximize information gain during training by carefully monitoring the learning
success of the model. Alternatively, adversarial methods [21,22,41] try to pick
the hardest samples at each training stage; [21] favors samples resulting in higher
loss, [22] learns weights for the loss of each training sample as a soft curriculum,
while [41] uses online hard example mining for object detection. Peng et al. [34]
propose an adversarial training scheme to optimize data augmentation online.
They train two teacher networks to learn a probability distribution over the
hyper-parameters for data augmentation; one predicts the most difficult image
rotations, while the other predicts parameters for deep feature occlusion.
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Fig. 2. Schematic of the data generation pipeline.

3 Multi-person Synthetic Data

In the following we describe the generation of the datasets (Sections 3.1, 3.2,
3.3) and the domain adaptation used to increase visual appearance of the mixed
dataset (Section 3.4).

3.1 Data Generation Pipeline

To generate realistic synthetic training data we build on top of [36,44]. We use
multiple di�erent sources of data to build a realistic synthetic scene. Images
and ground truth annotations are rendered using Cycles, the rendering engine
of Blender2. An overview can be seen in Fig. 2.

Body Model and MoCap Data. We use the parametric body model
SMPL+H [39] to generate realistic synthetic humans. SMPL+H is parameter-
ized by pose� 2 R78 and shape� 2 R10. We collect realistic pose and shape
parameters by �tting SMPL+H to standard MoCap data by using MoSh [26].

Details. We draw inspiration from [36,44] who generate small video se-
quences, each having di�erent but �xed parameters for the position, pose, shape
and texture of a synthetic human, the background image, camera position, light-
ing, etc. In contrast, we generate single images and render multiple synthetic hu-
mans, while randomizing the number of them. As a result, we generate a dataset
with much higher variance. Images with inter-penetrating meshes of virtual hu-
mans are rejected to avoid artifacts in the generated ground truth.

Further details regarding the description of the data generation pipeline,
posing of hands and a quantitative comparison of our datasets to other datasets
can be found inSupp. Mat.

2 https://www.blender.org
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Fig. 3. Example images from the purely synthetic dataset. It contains high occlusion,
extreme poses, various camera angles and various challenging backgrounds.

3.2 Synthetic Dataset

Background Images. To generalize well to in-the-wild pose estimation datasets
the background images should come from many di�erent scenes. To this end we
use images from SUN397 [45] and reject all images with a resolution smaller than
512� 512 pixels to ensure high quality backgrounds. Additionally, we reject all
images containing humans, as we do not have ground truth annotations for them.
We use mask-RCNN [1,17] as our human detector.

Generative Factors. We sample the number of synthetic humans per im-
age from a Poisson distribution with � = 9, to encourage many humans per
image, while avoiding too extreme values. The datasets of [36,44] have only very
small variance in camera position. However, preliminary experiments show that
the camera position signi�cantly in
uences the di�culty of multi-person pose
estimation. Therefore we increase the range of possible camera positions, by
sampling the camera pitch uniformly from [0; 45]� . The resolution of the �nal
rendered images is set to 640� 640 pixels. We refer to this dataset asDS .

3.3 Mixed Dataset

We build upon the �nding of [40] that realistic occluding objects lead to larger
improvements than abstract objects. We choose our occluders to be from the
same class as our target objects; i.e. humans, to simulate crowded scenes with
multiple humans. To generate the dataset we use the pipeline described above
with a few di�erences. Instead of SUN397 [45] we use the training images of the
MPII human pose dataset [3] as background images. To keep the MPII ground
truth intact, we render the images with the same resolution as the background
MPII image, and keep the camera pose �xed. We then augment the MPII human
pose dataset by superimposing synthetic humans. Their number is drawn from a
Poisson distribution with � = 4 to introduce interesting and intense occlusions as
shown in Fig. 4 (A), without extreme occlusions by too many synthetic humans.
We render each of the 15; 956 images in our training set 5 times with di�erent
parameters for increased variance. We refer to this dataset asDM .
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Fig. 4. (A) Example images from DM . (B) Corresponding images of DStyle . For the
last image, the segmentation network included non-human parts in the segmentation
masks. Resulting artifacts can be seen for rightmost synthetic human.
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3.4 Domain Stylization

The appearance of real and synthetic humans di�ers strongly. Factors contribut-
ing to these di�erences are the low quality of textures and di�erences in lighting
conditions for synthetic humans and background images. Additionally, the small
number of human textures limits the variability. These di�erences in appearance
might limit the generalization. We draw inspiration from Dundar et al. [10] to
reduce these di�erences by using the fast photorealistic style transfer method of
[25]. Style transfer methods require a pair of images as input, a content image
I C and a style imageI S . While the style of these images can be largely di�erent,
their content should have similarities. Finding such pairs is a non-trivial prob-
lem. However, for theDM , we have a canonical choice of image pairs: the image
from DM and its background asI C and I S , respectively.

Naive application of style transfer methods on the whole image, leads to
severe artifacts. Therefore, only the style of semantically similar classes should
be transferred. To obtain a good semantic segmentation network Dundar et
al. [10] iterate between stylizing a dataset and training a network for semantic
segmentation on the stylized dataset. Here, we are only interested in transferring
the style of real to synthetic humans. Fine-grained human detection is important
to avoid parts of the background bleeding into the foreground after style transfer
(see Fig. 4 (B) right panel). We therefore employ Mask-RCNN [1,17] to predict
pixel-wise masks for humans. Ground truth masks for the synthetic humans
are generated during data generation. Since the style-transfer algorithm can not
handle images of arbitrary size, we rescale the larger images to 600 pixels before
applying the style transfer. We refer to the resulting dataset asDStyle . Examples
can be seen in Fig. 4 (B).
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