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Abstract

Understanding the computational basis of action recog-
nition is a key challenge in social cognition as well as
human–robot interaction. Inspired by the mirror neu-
ron system, we propose a two-level architecture for mo-
tor primitive discovery and processing, applied to the
humanoid robot. In the first level, two self-organising
maps learn topologically structured manifolds over arm
kinematics and hand kinematics covering seven manip-
ulation and gesture actions. The second level uses the
Echo State Network that encodes the temporal grammar
of primitive sequences to predict actions and infer inten-
tions from partial observations. In this paper, we focus
on the first level and report preliminary results.

1 Introduction and Related Work

The ability to recognise observed actions and infer the
intentions behind them is fundamental to social inter-
action. An observer who can interpret partner’s mo-
tor behaviour can proactively adapt, anticipate, and col-
laborate more effectively. The Mirror Neuron System
(MNS) offers a compelling biological model for this
capacity: mirror neurons discharge both when an indi-
vidual executes a motor act and when it observes an-
other performing the same act (Gallese et al., 1996),
grounding action understanding in an internal motor vo-
cabulary rather than abstract perceptual classification
(Rizzolatti and Craighero, 2004). Neurophysiological
studies have shown that parietal mirror neurons encode
not only the observed action but also its goal (Fogassi
et al., 2005). This goal-specificity is a key feature of
the action-understanding hypothesis and motivates the
design of computational systems that can similarly dis-
tinguish actions at the level of motor primitives and at
the level of goal-directed sequences (Oztop et al., 2006).

The classical computational approach encodes ob-
served motion directly from kinematic or visual signals
using recurrent architectures trained end-to-end on ac-
tion labels (Shahroudy et al., 2016). More recent meth-
ods replace recurrence with transformer-based archi-
tectures, enabling the modeling of long-range tempo-
ral dependencies through self-attention (Bertasius et al.,
2021). However, neither approach embeds the biolog-
ical insight that action understanding operates across

two levels simultaneously: a repertoire of elementary
motion primitives and the goal-directed sequences they
compose (Wolpert et al., 2003). Computational mod-
els of the MNS have addressed this by modelling the
mirror system as a self-organising map (SOM) (Koho-
nen, 1982) that receives both motion and context inputs,
showing that goal-specific neuron pools emerge natu-
rally from the geometric relationships between these
inputs without any explicit goal representation (Thill
et al., 2011). The same principle underpins chain mod-
els of intention understanding (Chersi et al., 2011; Erl-
hagen et al., 2006), in which sequences of motor prim-
itives activate a learned chain that predicts the overall
action goal. In our previous MNS-related work, we also
exploited topographic mapping as an organizing princi-
ple (Pospı́chal et al., 2019; Rebrová et al., 2013).

Here we focus on topographic representation of
proprioceptive signals whose sequence describes the
moving arm. Proprioception is one of the least under-
stood senses in cognitive neuroscience, yet fundamental
for the control of movement. There is evidence that to-
pography of cortical representations is a widespread or-
ganising principle of the brain (deCharms et al., 2000).
It has also been proposed for proporioception at the
level of latent representations of the variational autoen-
coder (Grogan et al., 2024).

We propose a two-level MNS-inspired architec-
ture grounded in these findings, using topographic
organisation at the lower level. There, two SOMs
discover a vocabulary of reusable motion primitives
from arm and hand kinematics independently – a dual-
stream design consistent with the observation that mo-
tion and context inputs to parietal mirror neurons orig-
inate from distinct neural pathways (Thill et al., 2011).
The topology-preserving projection naturally groups
temporally similar movement episodes into prototype
nodes, which serve as a discrete primitive vocabulary
(Hemeren and Thill, 2011). At the higher level, an Echo
State Network (Lukoševičius and Jaeger, 2009) encodes
the temporal ordering of these primitives into state-level
representations from which actions and intentions can
be inferred, extending our previous work on arm trajec-
tory prediction (Gregor et al., 2025).

Our central research question is: How much of a
robot’s motor sequence structure is determined by mo-
tion primitives alone, and how much additional contex-
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Fig. 1: The overall concept of the presented work.

tual information (object properties, action intent) is re-
quired for accurate motion prediction?

2 Data and Methods

2.1 Simulation and Data Collection

To build the dataset for motion primitive discovery, we
employ a physics-based Unity simulation environment
featuring the NICO robot (Kerzel et al., 2017), a hu-
manoid platform for multi-modal interaction. In our
setup, the robot performs 7 manipulation and gesture
actions on 14 physically diverse objects. Object manip-
ulation actions (Pick, Eat, Place) are executed with ei-
ther a Power or Precision grasp. Motion trajectories are
generated through inverse kinematics, while the hand is
controlled via four synergy parameters inspired by hu-
man grasping studies.

2.2 Feature Analysis and Selection

Prior to SOM training, a feature selection pipeline was
applied to candidate signals to identify and remove re-
dundancy and features that are workspace-dependent
and do not generalise across object locations. Based
on correlations and hierarchical clustering we selected
22 non-redundant features, which are divided into two
functional sets: (1) 13 arm features for arm SOM (A-
SOM): 3 TCP (Tool Center Point) palm velocities, 6
arm joint velocities, palm orientation quaternion; and
(2) 9 hand features for hand SOM (H-SOM): aperture
and aperture velocity, 3 thumb and middle finger posi-
tions, 4 finger joint velocities.

Fig. 2: Topographic organisation (in H-SOM) of domi-
nant grasp types across neurons.

2.3 Topographic organisation

We measured the behaviour of the trained A-SOM by
computing the so-called phase purity, as the average
proportion of the dominant phase label across all active
neurons, to see how consistently each neuron represents
a single movement phase, based on the dominant phase
label of its assigned samples. This information helped
to determine the proper size of the grid. Increasing the
SOM grid from 25×25 to 35×35 improved this consis-
tency (from 68% to 74%) by better separating similar
phases while maintaining high neuron utilisation, mak-
ing it the optimal trade-off between resolution and map
coverage. H-SOM uses a 18×18 grid. Testing showed
that the hand configuration space is low-dimensional,
the synergy controller produces approximately six dis-
tinct hand poses, limiting the effective vocabulary size.

3 Results

A-SOM learned to use up to 90% of its neurons (as win-
ners for any input). Phase purity (74%) is the strongest
label dimension, with large coherent zones emerging
without supervision. The map encodes a directional
reaching topology: approach phases occupy the left half
and post-action phases the right, a gradient learned en-
tirely from kinematics with no temporal supervision.
Action purity (67%) and grasp purity (66%) are lower,
as expected, since arm kinematics alone cannot distin-
guish actions sharing identical reach trajectories, nor
encode grip type, both of which are delegated to H-
SOM.

H-SOM achieves 51.5% neuron utilisation, lower
than A-SOM by design – the hand synergy con-
troller produces discrete, non-overlapping configuration



spaces, so dead neurons act as hard boundaries between
isolated action islands rather than representing wasted
capacity (see Fig. 2). Grasp purity (97.2%) is the best
result overall. Point, Tap, Wave, and Push each form
perfectly pure isolated clusters, whereas Power and Pre-
cision diverge into distinct, non-overlapping regions,
with impurities restricted to a narrow transition band in
the mid-close range. Each hand pose occupies its own
island with no kinematic path between them, reflecting
the hard discreteness of the synergy controller. Action
purity (72.9%) and phase purity (76.1%) confirm that
finger-level signals carry complementary discriminative
structure to the arm-level primitives of A-SOM.

4 The upper level

The lower-level SOM outputs serve as input represen-
tation for the upper-level Echo State Network. By en-
coding sequences of SOM activations, the ESN aims to
predict actions and infer intentions from partial observa-
tions, extending our prior work on trajectory prediction
shown in Figure 3 (Gregor et al., 2025).

Fig. 3: ESN prediction of future arm trajectories.

The network will be evaluated under three condi-
tions of increasing contextual information: (1) blind —
BMU sequences only; (2) + object size and relative dis-
tance; (3) + action one-hot. This design directly probes
the central scientific question: how much of motor se-
quence structure is encoded in the primitive vocabulary
alone? We expect the blind condition to reveal action-
discriminative structure already present in the primitive
sequences, with object context and action context pro-
viding incremental gains corresponding to the residual
ambiguity quantified in the SOM purity metrics.

5 Conclusion

The dual-SOM results demonstrate that arm and hand
kinematics encode complementary aspects of motor be-
haviour not recoverable from either stream alone. A-
SOM captures the spatial structure of arm movement
(where and how of reaching), while H-SOM captures
the configurational structure of hand shaping (what and

how firmly of grasping). This functional specialisa-
tion mirrors the dorsal/ventral stream division in pri-
mate motor cortex (Rizzolatti and Craighero, 2004).
The complementarity of the two SOMs provides a bio-
logically grounded dual representation supporting both
primitive-level motor resonance and sequence-level in-
tention inference, consistent with the dual role attributed
to the MNS.

A key limitation is that the SOM is currently
trained on balanced, stratified windows from a single
observer executing its own actions. Extension to cross-
embodiment observation, where NICO observes a hu-
man or a different-size robot, will require the mirroring
mechanism to resolve the viewpoint and embodiment
gap.
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