
ric. The encoder has two dense layers with 512 units each,
and then one dense layer for mean and another for variance
of the VAE’s posterior Normal distribution. The decoder
weights have the same shape as the encoder, only in re-
verse order. We use the ADAM solver [15], and update
the weights of the network to minimize the loss defined in
Eq. 5 of the main manuscript. We empirically choose the
values for loss weights as: c1 = 0.005, c2 = 1.0− c2, c3 =
1.0, c4 = 1.0, c5 = 0.0005. We train for 60 epochs for each
of the following learning rates: [5e−4, 1e−4, 5e−5].

After training, the latent space describes a manifold of
physically plausible human body poses, that can be used for
efficient 2D-to-3D lifting. Figure A.13 shows a number of
random samples drawn from the latent space of the model.

9. Gender lassifier
Figure A.12 shows some qualitative results of the gender

classifier on the test set.

9.1. Training data

For training data we employ the LSP [11], LSP-
extended [12], MPII [3], MS-COCO [18], LIP [17] datasets,
respecting their original train and test splits. To curate our
data for gender annotations we collect tight crops around
persons and keep only the ones for which there is at least
one visible joint with high confidence for the head, torso
and for each limb. We further reject crops with size smaller
than 200× 200 pixels. The gathered samples are annotated
with gender labels using Amazon Mechanical Turk. Each
image is annotated by two Turkers and we keep only the
ones with consistent labels.

9.2. Implementation details

For implementation we use Keras [6] with Tensor-
Flow [1] backend. We use a pretrained ResNet18 [9] for
feature extraction and append fully-connected layers for our
classifier. We employ a cross entropy loss, augmented with
an L2 norm on the weights. Each data sample is resized to
224 × 224 pixels to be compatible with the ResNet18 [9]
architecture. We start by training the final fully-connected
layers for two epochs with each of the following learning
rate values [1e−3, 1e−4, 1e−5, 1e−6]. Afterwards, the en-
tire network is finetuned end-to-end for two epochs using
these learning rates [5e−5, 1e−5, 1e−6, 1e−7]. Optimiza-
tion is performed using Adam [15].
Disclosure: MJB has received research gift funds from Intel, Nvidia,
Adobe, Facebook, and Amazon. While MJB is a part-time employee of
Amazon, his research was performed solely at, and funded solely by, MPI.
MJB has financial interests in Amazon and Meshcapade GmbH.



Figure A.13. Random pose samples from the latent space of VPoser. We sample from a 32 dimensional normal distribution and feed the
value to the decoder of VPoser; shown in Figure A.11b. SMPL is then posed with the decoder output, after conversion to an axis-angle
representation.



Figure A.14. Qualitative results of SMPLify-X with SMPL-X on the MPII dataset [3]. In this figure we also include images with some
heavily occluded or cropped bodies. Gray color depicts the gender-specific model for confident gender detections. Blue is the gender-
neutral model that is used when the gender classifier is uncertain or when cropping does not agree with the filtering criterion described in
ubsection 9.1.



Figure A.15. Results of SMPLify-X fitting for the LSP dataset. For each group of images we compare two body priors; the top row shows
a reference RGB image, the bottom row shows results of SMPLify with VPoser, while the middle row shows results for which VPoser is
replaced with the GMM body pose prior of SMPLify [5]. To eliminate factors of variation, for this comparison we use the gender neutral
SMPL-X model.
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