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1 Introduction

Human infants need to learn autonomously to control
their body in order to achieve higher level tasks. For this, it
is crucial to have an internal representation of the body and
environment states. An important requirement is that it should
be multi-modal, to learn a bidirectional mapping between
body states, represented as mental images, and related joint
angles.

In this work, we model this mapping in a novel way by
combining two basic tools from representation learning: We
use a multi-modal self-organizing map (SOM) [1] to learn
an internal representation for vision and proprioception of a
simulated infant. As we will show, adding an autoencoder
(AE) represents the visual stimuli in a low-dimensional latent
space, reduces the computational complexity and increases
the quality of the learned representation.

2 Method

2.1 Dataset
We have created a dataset with N = 20000 samples gener-

ated with the infant simulation from [2]. It contains data from
two modalities for training the AE and the multi-modal SOM.
Each sample in the dataset corresponds to an arm pose of the
simulated infant and contains data from vision (modality m1)
and proprioception (modality m2):

D = {(d(m1)
i ,d(m2)

i )}N
i=1 (1)

The experiment setup and a sample can be seen in Figure
1. For the vision modality, we use a camera which is attached
to the position of the infant’s right eye. It can take wide an-
gle RGB images of 300 by 500 pixels. For the proprioception
modality the five joint angles of the right arm are obtained.

The poses used in the dataset were sampled randomly in
joint space. Samples where the arm was not visible were dis-
carded. For training we used a 60/20/20 split.

2.2 Multi-Modal SOM
The multi-modal SOM for learning a representation of the

infants’s arm pose builds upon the Multi-Modal Convergence
Maps framework from [1].

We use x and y to refer to the map dimensions and m to
refer to the modality dimension. We further define the weights
of the map wm

x,y for the neuron x,y ∈ N and modality m ∈M .
In order to train the map for a given training sample di ∈D ,

m1

m2
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(b) Sample

Figure 1: (a) shows the experiment setup in the MuJoCo sim-
ulation with the infant performing a valid pose and (b) shows
the corresponding dataset sample.

one first needs to calculate the neuron activity per modality as
the weighted MAE between the current learned neuron rep-
resentation and the sample. This is done for all modalities
separately:

a(m)
x,y =− c(m)

n(m)
·

n(m)

∑
j=1
|w(m)

x,y −d(m)
i | j ∀x,y ∀m ∈M (2)

c(m) is a factor which attributes each modality a certain influ-
ence during training and n(m) is the flattened dimensionality of
modality m. Afterwards, one calculates the combined neuron
activity over all modalities:

Ax,y =
∑m∈M a(m)

x,y

∑m∈M c(m)
(3)

The neuron with the highest activity, i.e. the one that most
closely represents the training sample, is picked as the win-
ning neuron: xwin,ywin. The weight update is then calculated
by the error, a learning rate λ and an exponentially decaying
neighborhood function µ : N4 → R≥0 which has the highest
value at the winning neuron:

dw(m)
x,y = (w(m)

x,y −d(m)
i ) ·λ ·µ(x,y,xwin,ywin) (4)

We extended the weight update proposed in [1] to support mini
batches by averaging over individual updates:

dw(m)
x,y =

1
|Bi| ∑

s∈Bi

dw(m)
x,y,s (5)

where Bi is the ith batch and dw(m)
x,y,s is the update calculated by

the sth item of this batch for modality m.
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After training a multi-modal SOM, it is possible to map be-
tween its modalities. Given, for example, a sample s(m2) where
only m2 is known, then ŝ(m1) can be predicted by simply cal-
culating the activity for s(m2) and returning the m1 component
of the winning neuron: w(m1)

xwin,ywin .

2.3 Architecture
Our SOM with pre-trained AE (SOM-AE) architecture is

summarized in Figure 2. Visual input is represented in a latent
space of dimension 8 by an AE that was trained in advance. It
consists out of an encoder e : R64×64→ R8 (dimensions result
from pre-processing) and a decoder d : R8 → R64×64 which
are trained on the MSE reconstruction loss. Thus, the training
input of the SOM for a sample d(m1)

i becomes l(m1)
i = e(d(m1)

i ).
This reduces the map size from 10.5GB to only 33.3MB. Note,
that it is possible to cache the encodings offline, thus avoiding
a new bottleneck.

We argue that this combination of SOMs and AEs is bi-
ologically plausible, as it can be compared to the hierarchical
structure of visual processing in the human brain. The AE uses
a convolutional neural network architecture that has been ar-
gued to share similarities with the visual cortex [3]. Thus, the
latent space can be compared to the highest level of abstraction
which is fed to multisensory areas which are modeled by the
multi-modal SOM.

Combining SOMs and AEs has been studied in a few ways
before. The approach which might come closest to ours is
Deep Neural Maps [4] which learn both AE and SOM simulta-
neously, resulting in improved embeddings on unimodal image
focused benchmark datasets. In contrast, we first train the AE
separately and use the learned latent space to train a biologi-
cally plausible multi-modal SOM [1]. We also use a complex
dataset composed of different modalities of arm postures from
a simulated embodied infant.

3 Results and Conclusion

The performance comparison between the plain SOM and
SOM-AE can be seen in Table 1. MAE losses and standard
deviations for four mapping scenarios over the test set are pro-
vided in the lower part. In the case of SOM-AE, for the vision
modality, the decoded output d(w(m1)

xwin,ywin) is used for the er-
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Figure 2: SOM-AE architecture, the visual modality m1 is first
used to train an AE with a latent space of size 8. Afterwards
the latent space is used for the multi-modal SOM training.

ror calculation with the sample’s image d(m1)
i . SOM-AE uses

much less computational resources for training, even when the
training time of the AE is also included. The performance
does not significantly reduce and even increases in some cases.
SOM-AE also performs better in terms of learned map quality,
as the randomly chosen validation samples in Table 2 suggest.

Given the trained SOM-AE, it is possible to let an agent,
which embodies the infant, “imagine” a situation and let it “re-
member” how to get to it by mapping between modalities, as
described earlier.

In conclusion, SOM-AE not only significantly reduces
the computational requirements to train a multi-modal SOM
model, but also improves the qualitative mapping results while
keeping the quantitative loss at the same level. Therefore, this
framework is a step towards better multi-modal representa-
tions and bidirectional modality mapping. As argued before, it
can partly be mapped to cognitive perception processes in the
human brain and it, thus, models the emergence of intercon-
nection between body motion and visual imagery in an infant’s
developmental process.

Table 1: Quantitative performance comparison

SOM SOM-AE

Batch size 1 10
Epochs 200 200
SOM training time 61.5 h 15.5 min
AE training time 0 9.5 h
GPU A100 SXM4 RTX 2080
VRAM used 42GB 2.6GB

Overall test loss 0.068±0.077 0.058±0.065
Test loss: m1→ m1 0.025±0.020 0.021±0.020
Test loss: m1→ m2 0.163±0.096 0.127±0.087
Test loss: m2→ m1 0.046±0.038 0.041±0.041
Test loss: m2→ m2 0.039±0.021 0.042±0.023

Table 2: Qualitative inference comparison

SOM SOM-AE
dm1

i m1→ m1 m2→ m1 m1→ m1 m2→ m1
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