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Abstract

In this supplementary material, we provide additional
qualitative results, as well as details about implementation,
data processing and evaluation. We also provide two addi-
tional ablations (training length and batch norm configura-
tion) and a derivation for the claim that {1 regularization
of the affine-combining autoencoder leads to a reduction in
negative weights and hence near-convex combinations.

S1. Additional Qualitative Results

Similar to the qualitative results shown in the main paper,
Figures[S2] [S3] and[S4]show further predictions for a variety
of images. It can clearly be seen that the model with sepa-
rate heads without consistency regularization creates rather
inconsistent skeleton predictions, whereas fine-tuning with
our ACAE regularization significantly improves the consis-
tency. Furthermore, these figures show that the resulting
models display excellent in-the-wild performance, even on
challenging poses, or in suboptimal lighting conditions.

S2. Training Details

Learning Rate. Our learning rate schedule is shown in
Fig. The learning rate starts at 2.12e-4 and exponen-
tially decays by a factor of 3 over 92% of training, then
drops by a factor of 10 and then further decays exponen-
tially by a factor of 3 until the end of the initial training.

The fine-tuning phase uses two different learning rates.
We perform a warm restart on the last layer (the predic-
tion head) in order to ensure that the regularization loss can
take effect, without disrupting the already mostly converged
weights of the backbone. For the head, we follow a simi-
lar recipe as in the initial training, but we perform the large
learning rate drop at 50% of the fine-tuning phase. For the
backbone, we repeat the last, decaying segment of the initial
schedule.
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Figure S1: Learning rate schedule.

Loss Details. We make minor adjustments to the Me-
TRAbs model [5], which we use as the basis of our ex-
periments. In [S], the authors perform internal supervi-
sion on the output of a 2D heatmap head and a 3D heatmap
head. Instead, we simplify this and only use the absolute
pose output for supervision, i.e., the 2D projection loss and
the mean-relative loss are computed on this single, absolute
output. This makes the implementation cleaner when more
losses are added for consistency regularization or student-
teacher latent matching, etc., since the model can be treated
as a single-output black box.

The weak supervision loss for 2D-annotated examples
only consists of the 2D projection loss. For this, we do not
specifically predict skeletons according to the skeleton for-
mats of the 2D datasets. Instead, the prediction is derived by
averaging the corresponding 3D joint predictions for every
output skeleton format. In other words, for the calculation
of the 2D weak loss, we consider our prediction for the left
shoulder to be the average of all the left shoulder joints in
every skeleton format that we use.

We use Apoj = 1 and Agps = 0.1 and scale the weak-
supervision-loss by a factor of 0.2.

The absolute loss L, is only turned on after 5000 steps
(also in fine-tuning, for consistency), similarly with the
teacher loss. In some datasets the absolute distance to the
person can be very large (e.g., JTA, SAIL-VOS, ASPset).



Here the absolute loss would overwhelm the total loss, so
we scale down the absolute Z component to a maximum
effective distance of 10 m for loss computation.

Batch Composition. In Tab.[ST] we specify the number of
examples from each dataset per batch. This is based on the
total number of examples in each dataset but not linearly,
as we oversample smaller datasets compared to their size,
in order to provide more diverse supervision to the model.
For batch generation, we set up one queue per dataset that
iterates over epochs of that dataset, then we interleave the
streams and chunk it into batches (as opposed to indepen-
dently sampling each batch).

Initialization Details. We initialize with ImageNet-
pretrained weights. For the RN50 experiment in Table 4
(SOTA), we use ResNet50V 1.5 as implemented in PyTorch,
ported to TensorFlow, along with the ImageNet weights,
which we found to be superior to the ones provided with
TensorFlow.

We precisely control the random seeds, which guaran-

tees that bitwise equal batches are fed to each training run,
improving comparability.
Implementation Details. We use TensorFlow 2.9 with
Keras, CUDA 11.4 and CuDNN 8.2.4 for the implemen-
tation. Training takes about 2 days with the EffV2-S back-
bone and about 6 days with EffV2-L on a single Nvidia A40
GPU (48 GB) in mixed FP16/FP32 precision.

S3. Data Processing Details

Where missing, we obtain person bounding boxes with
YOLOV4 [[1] and person segmentation with DeepLabv3 [2].
Examples with implausible bone lengths are removed to
avoid training on erroneous annotations. We use all cam-
eras of 3DHP, and all HD cameras of CMU-Panoptic (and
all sequences with labels). We further calibrated all cam-
eras of BML-MoVi that did not have calibration provided
in the dataset, and use all of them in training (based on pose
predictions from an earlier version of our model). We use
200k composited images for MuCo-3DHP, generated with
the official Matlab script.

S4. Evaluation Details

We evaluate all 24 SMPL joints for 3DPW, and all 17
joints for 3DHP and MuPoTS. In case of 3DPW, the entire
dataset is used for testing. For 3DHP we use the official
split, for H36M the most common split from the literature,
i.e. subjects S9 and S11 are used for testing.

For MuPoTS, we evaluate the matched poses. As we use
the same YOLOvV4 detector in all our experiments, we have
94.6% recall in all of our experiments (hence the matched-
pose results are directly comparable). For our main evalu-
ations, in each benchmark, we simply calculate the average
metrics over all metric-scale poses.
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Table S1: Batch composition for the experiments with the
three different levels of dataset combinations. Each mini-
batch consists of 96 examples with 3D labels and 32 with
2D labels.

Dataset name Small Medium Full
Real images with markerless MoCap
MuCo-3DHP 32 9 6
CMU-Panoptic - 9 7
AIST-Dance++ - 9 6
HUMBI - 7 5
MPI-INF-3DHP - 5 3
RICH - 7 4
BEHAVE - - 3
ASPset - - 4
3DOHS50K - - 3
IKEA ASM - - 2
Real images with marker-based MoCap
Human3.6M 32 9 4
TotalCapture - 5 3
BML-MoVi - - 5
Berkeley-MHAD - - 3
UMPM — — 2
Fit3D - - 2
GPA - - 4
HumanSC3D - - 1
CHI3D - - 1
Human4D - - 1
MADS - - 2
Synthetic images
SURREAL 32 8 5
3DPeople - 6 4
JTA - 5 3
HSPACE - 5 3
SAIL-VOS - 7 5
AGORA - 5 3
SPEC - - 2
Real images with 2D annotations (weak supervision)
COCO 8 8 8
MPII 8 8 8
PoseTrack 8 8 8
JRDB 8 8 8

In Table 4 (SOTA comparison) of the main paper, we use
the more complex standard evaluation metrics. That is, for
MuPoTS, here we use bone rescaling, normalized skeletons,
and averaging is performed first per sequence and the final
value is the average of per-sequence averages. In this, and
also other details, we follow the same protocols as [5] (e.g.,
which joints to evaluate).



S5. Additional Ablations

Training Length. In Tab. [S2] we study the effect of the
length of training on the final model performance. Clearly,
longer training can further improve the results and espe-
cially the correct pose score improves. Do note that ev-
ery new line doubles the number of training steps, so this
is expensive. Further, with long trainings we noted that
training in 16-bit floating point (FP16) precision is unsta-
ble, as the activations tend to grow out of the representable
range. The cause of this was that the convolutional ker-
nels of the backbone grow in scale during gradient descent,
since. Since they are always followed by BatchNorm in
EfficientNetV2, the weight scale has no impact on the net-
work output (though it has an effect on the effective learn-
ing rate [4]). We mitigated the problem by applying a max-
norm constraint on the convolutional kernels to keep them
from growing without bound. Some numerical instability
remains in case of very long trainings, the cause of which
needs more investigation. Tab. [S3] shows that further ex-
tending the fine-tuning phase can bring minor performance
benefits. For reasons of practicality, we chose 400k training
steps and 40k fine-tuning step as the default setting for all of
our experiments in the main paper, albeit one could achieve
slightly better results with longer schedules.

Ghost BatchNorm. In Tab. we show an ablation on
using Ghost BatchNorm [3| [6]. We compare three op-
tions: normal BatchNorm, Ghost BN where the 96 3D an-
notated examples are normalized as one group and the 32
2D-labeled ones as another, and Ghost BN with ghost batch
size 16. While the differences are not very large, the Ghost
BN options tend to perform better. This is probably due to
the discrepancies in BatchNorm statistics among datasets.
Inference-Mode BatchNorm Fine-Tuning. Furthermore,
Tab. also demonstrates that, when using Ghost BN, it is
important to fine tune the network at the end in inference
mode. By inference-mode fine-tuning, we mean that the
BN layers use the stored, fixed statistics for normalization
instead of the usual training mode of using the statistics of
the current minibatch. In Ghost BN, the stored statistics
may be suboptimal, since they are updated based on parts
of the batch, instead of the overall batch statistics. A final
fine-tuning in “inference mode” allows the network to fine-
tune its weights to the setting that it will be used in during
inference (i.e., to adapt the weights to work well with the
stored statistics).

Sé6. Effects of L1 Regularization in the ACAE

We point out in the main paper that using ¢; regulariza-
tion on the weight matrices of the affine-encoding autoen-
coder results both in sparsity and fewer negative weights.
Here we elaborate on this connection. Since the weights
produce affine combinations, they sum to one as specified
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in Eq. 1-2 in the main paper.
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We can partition the weights to negative and non-
negative ones.
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and analogously for the decoder weights. Now, the ¢y
penalty (sum of absolute values) can be written as
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This means that the ¢; penalty is equivalent to penalizing
the absolute sum of the negative weights.

When all weights are non-negative, we get convex com-
binations. In other words, the ¢; regularization in the ACAE
encourages constructing close-to-convex combinations be-
sides sparsity.
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Table S2: Ablation for the length of training.

MuPoTS-3D 3DPW MPI-INF-3DHP Human3.6M

MPIPE|, PMPIPE| PCKjgy? CPSynot MPIPE| PMPIPE| PCKjpp? CPSyogt MPIPE{ PMPIPE| PCKjggt CPSypt MPIPE| PMPIPE| PCKjgot

CPSpp0t

Initial, separate-skeleton model

100k 88.6 624 67.8 600 659 470 815 653 66.3 512 822 71.7 477 376 919 86.6
200k 873 603 683 65.1 63.1 446 826 69.5 63.1 474 844 771 46.8 362 93.1 887
400k (default) 84.6 59.0 70.1 66.0 61.8 434 838 7I.1 59.6 44.1 86.6 81.8 447 343 943 90.1
800k 829 578 705 69.8 61.7 426 837 73.1 58.8 429 873 830 43.0 332 948 914
1.6M 81.6 56.7 71.6 728 61.5 419 844 742 58.6 41.3 87.8 86.3 415 323 955 921
Fine-tuned with consistency regularization for 40k steps
100k 855 60.6 703 66.6 65.0 46.0 81.8 669 63.6 48.7 839 74.1 46.7 364 925 87.6
200k 842 592 70.8 704 634 443 827 699 61.4 463 854 79.1 46.7 351 933 88.6
400k (default) 81.8 57.8 725 729 61.5 430 840 719 592 436 86.6 82.7 452 333 944 90.1
800k 80.5 56.8 727 744 61.3 42.1 845 733 57.7 422 877 843 420 319 953 914
1.6M 79.7 561 733 76.6 60.6 41.7 84.7 745 586 411 878 86.6 411 312 957 922

Table S3: Ablation for the length of consistency-regularized fine-tuning with an initial training length of 400k steps.

MuPoTS-3D 3DPW MPI-INF-3DHP Human3.6M

MPJPE, PMPJPE} PCKjggt CPSyp0t MPJPE|, PMPIPE} PCKj gyt CPSypgt MPIPE| PMPJPE| PCKjgyt CPSypot MPJPE, PMPIJPE| PCKjgyt CPSypnt

20k 82.0 58.0 722 721 61.7 43.0 839 713 593 43.6 86.5 821 449 335 943 8938
40k (default) 81.8 57.8 725 729 61.5 43.0 84.0 719 592 43.6 86.6 827 452 333 944 90.1
80k 81.6 578 724 732 614 429 841 721 584 432 872 829 4.5 333 94.6 90.1

Table S4: Ablation for Ghost Batch Normalization and inference-mode fine-tuning for 1000 steps.
MuPoTS-3D 3DPW MPI-INF-3DHP Human3.6M
MPIPE| PMPIPE| PCKjgot CPSygot MPIPE| PMPIPE{ PCK|go? CPSyot MPIPE| PMPJPE| PCKjgo? CPSyot MPJPE, PMPIPE} PCK; gyt CPSyoot
Initial, separate-skeleton model, with fine-tuning at the end with BN in inference mode
Normal BN 845 59.2 70.0 659 62.6 436 83.6 719 61.3 43.7 857 82.0 46.3 346 942 89.9
Ghost BN (3D/2D) 83.6 58.7 70.4 70.0 62.8 435 832 712 61.8 45.1 857 803 46.6 347 94.1 90.5
Ghost BN 16 84.6 59.0 70.1 66.0 61.8 434 838 71.1 59.6 44.1 86.6 81.8 44.7 343 943 90.1
Initial, separate-skeleton model, without fine-tuning at the end with BN in inference mode
Normal BN 842 59.1 704 66.4 62.6 436 835 719 604 434 86.1 823 459 344 942 89.8
Ghost BN (3D/2D) 88.2 63.5 66.7 62.0 67.3 475 809 68.0 66.3 49.0 81.7 774 50.8 404 90.7 87.7
Ghost BN 16 85.8 604 69.0 635 634 447 832 70.8 59.8 443 863 81.8 454 357 93.6 89.6
Fine-tuned with consistency regularization for 40k steps, with fine-tuning at the end with BN in inference mode
Normal BN 833 585 709 732 63.1 437 834 718 60.5 434 859 82.7 46.0 335 944 89.9
Ghost BN (3D/2D) 81.2 57.7 72.5 74.0 622 43.0 83.7 723 60.5 444 86.1 80.9 46.2 33.7 94.1 90.6
Ghost BN 16 81.8 578 725 729 61.5 43.0 84.0 719 59.2 436 86.6 82.7 452 333 944 90.1
Fine-tuned with consistency regularization for 40k steps, without fine-tuning at the end with BN in inference mode

Normal BN 83.1 587 713 729 62.8 435 835 71.7 59.6 432 864 829 455 334 945 89.9
Ghost BN (3D/2D) 89.1 64.6 664 62.1 68.5 494 79.6 652 734 529 764 709 584 434 857 82.7
Ghost BN 16 84.0 60.0 70.7 69.7 633 453 827 694 63.2 457 83.8 80.1 49.0 36.6 922 883
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(a) Separate skeleton prediction (b) With our proposed ACAE regularization
Front view Right side view Front view Right side view
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Figure S2: A qualitative result comparison between a model trained without (a) and with our ACAE regularization (b). It can
clearly be seen that our regularization leads to improved skeleton consistency.
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(a) Separate skeleton prediction (b) With our proposed ACAE regularization
Front view Right side view Front view Right side view

Figure S3: A qualitative result comparison between a model trained without (a) and with our ACAE regularization (b). It can
clearly be seen that our regularization leads to improved skeleton consistency.
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(a) Separate skeleton prediction (b) With our proposed ACAE regularization
Front view Right side view Front view Right side view
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Figure S4: A qualitative result comparison between a model trained without (a) and with our ACAE regularization (b). It can
clearly be seen that our regularization leads to improved skeleton consistency.
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