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Abstract
Goal-driven deep learning produced significant advances
in perception modelling. Models, however, often imple-
ment a single sensory domain and thus isolate a specific
function. In this work, we go a step beyond and close
the perception-action loop with a model of the frontopari-
etal network. The model implements biologically plausi-
ble macro-level structure by connecting cell count-fitted
sensorimotor regions by pathways extracted from struc-
tural connectivity data. The model interfaces an anthro-
pomorphic robotic hand and is trained to manipulate ob-
jects. We show that the biologically-inspired architecture
significantly outperforms an architecture used in state-of-
the-art robotics while converging substantially faster and
relying only on raw sensory data. Moreover, preliminary
in silico decoding analyses show promise in aligning with
in vivo expectations.

Keywords: goal-driven modelling; sensorimotor control; dex-
terity; deep learning; reinforcement learning

Introduction
Understanding the neurocomputations that underlie human
sensorimotor control is critical for elucidating the principles by
which the human sensorimotor system functions. Of particu-
lar interest is human dexterity; the skilled and precise move-
ments of hand and fingers that are unique to our species
(van Leeuwen, Vanhoof, Kerkhof, Stevens, & Vereecke, 2018;
Johnson-Frey, 2004). By examining how the brain processes
sensory information in vast neural networks to coordinate
movements during dexterous tasks, we can gain insights into
the basic principles of motor control. The complexity and scale
of these networks, however, presents a significant challenge
for both data-driven and hand-engineered approaches. Build-
ing goal-driven models can serve as an alternative means of
hypothesis testing and generation (Yamins & DiCarlo, 2016).
Here, we present a bioinspired goal-driven model of the fron-
toparietal and pericentral networks (FPN) capable of manipu-
lating objects with an anthropomorphic robotic hand.

Methods
The premise of goal-driven modelling is that under suffi-
cient biological constraints, the neurocomputational strategies
emerging in silico will be reminiscent of their biological coun-
terparts. We apply three structural constraints when building
our model: region selection, capacity scaling, and pathway
construction, which we describe in the following paragraphs.

Region Selection Frontoparietal networks (FPN) are widely
regarded as involved in the sensory-guided control of the
human hand (Filimon, 2010; Binkofski et al., 1999; Ptak,
Schnider, & Fellrath, 2017; Gallivan, Johnsrude, & Flanagan,
2015; Marek & Dosenbach, 2018). Comprised primarily of re-
gions in posterior parietal cortex (PPC) and prefrontal cortex
(PFC), the FPN bridges between sensory and motor cortices.
Following the general taxonomy of Uddin, Yeo, and Spreng
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Figure 1: Our deep neural network architecture of the FPN.
Activity vectors projected (indicated by arrows) to some region
are concatenated for joined transformation.

(2019), we model the lateral PFC and midcingulate cortex
(MCC) in PFC, and the inferior and superior parietal lobules
(IPL, SPL), and intraparietal sulcus (IPS) in PPC. Moreover,
we model premotor cortex (PMC) and primary motor cortex
(M1), as well as somatosensory cortex (SSC). These com-
prise the pericentral network (Uddin et al., 2019) and, in our
model, wrap the FPN with inputs and outputs. Additionally, the
object’s pose is integrated as a surrogate latent visual repre-
sentation (e.g. middle temporal complex MT/V5).

For every region, we select the corresponding set of cy-
toarchitectonic regions from the Julich-Brain atlas (Amunts,
Mohlberg, Bludau, & Zilles, 2020). In the following steps, a re-
gion is then represented by an aggregate of region-wise data.

Capacity Scaling Regions can vastly differ in their spatial
extent and cellular density and, thus, in the number of neu-
rons they comprise. Consequently, some regions impose in-
formational bottlenecks on the network structure. By strate-
gically placing bottlenecks along the model’s pathways, the
network’s potential neurocomputational strategies can be sig-
nificantly pruned, making them a crucial constraint.

A model region i’s cell count ci was extrapolated from cell
densities reported in von Economo and Triarhou (2009), and
region volumes provided by the Julich-Brain atlas (Amunts et
al., 2020). Layer-wise densities were aggregated into region-
wise densities using a weighted average that accounts for
layer thickness. A mapping between Economo and Julich re-
gions was established either based on direct matches, a Brod-
mann region map (Triarhou, 2007), or by manual assignment.
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Figure 2: Training of a baseline architecture (OpenAI et al.,
2020) compared to our own model. Both curves are averaged
over 5 independent agents, and shaded regions indicate the
95% t-confidence interval about the mean. Horizontal lines
mark the peak performance of the group mean (dotted) and of
the best agent in each group (dashed).

Finally, a reference target in the PMC was set to npmc = 256,
and all other region’s unit counts ni are scaled to ni = ci

npmc
cpmc

.
The results can be found in Figure 1.

Pathway Construction Together with each region’s unit
count, their connecting pathways will define how information
can be processed to map from sensation to movement. Our
model’s pathways are biologically inspired by structural con-
nectivity data (Domhof, Jung, Eickhoff, & Popovych, 2021). A
normed connectivity matrix is thresholded at 0.2 to construct
an undirected graph. The graph is then directed from sensa-
tion to motor, avoiding cycles and leafs other than M1.

Training The model is trained on the in-hand object ma-
nipulation task introduced in OpenAI et al. (2020), using An-
goraPy (Weidler & Senden, 2023), a library for neuroscien-
tific goal-driven sensorimotor modelling using deep reinforce-
ment learning. We optimize a non-sparse reward for rotational
progress toward a target orientation and augment it by a bi-
ologically inspired loss minimizing the squared applied force
(Pedotti, Krishnan, & Stark, 1978).

Results
Figure 2 compares the learning of our FPN model and a base-
line model implementing OpenAI et al. (2020)’s architecture
applied to the same raw sensory states. The FPN model con-
verges substantially faster than its non-biological counterpart,
and to a higher performance. Until convergence, the agent
observed approximately 1.5 years of experience, about half
as many as the baseline. Table 1 shows the performance of
the best run of each architecture. The FPN model significantly
outperforms the baseline architecture by a 12.36% increase in
achieved goals and can chain 48 reorientations.

Figure 3 shows preliminary in silico decoding results. Of
all regions, only M1 and particularly PMC encode informa-
tion about the reward, in line with in vivo findings (Ramkumar,

Model CGR (Sampling) CGR (Mode)

FPN Architecture 46.33 48.06±0.8
OpenAI Architecture 38.73 42.13±1.35

OpenAI et al. (2020) N/A 43.4

Table 1: Consecutive goals reached (CGR) by the best agents
selected from the FPN and OpenAI et al. (2020) architecture.
Performance is given both for the stochastic agent sampling
actions during training and for an evaluation after training,
where the agent selects the mode of the action distribution.
The bottom row shows the performance reported in OpenAI
et al. (2020), trained with several environment randomizations
and preprocessed states.
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Figure 3: In silico decoding of three pieces of information from
activity recorded in the model. In the bottom plot, predictions
from the goal serve as a baseline.

Dekleva, Cooler, Miller, & Kording, 2016; Marsh, Tarigoppula,
Chen, & Francis, 2015). Moreover, the PMC codes for in-
formation indicative of the number of goals already achieved
within the current episode. It thus appears to track the va-
lence of its history. PMC and M1 representations code for
future object poses, but the M1’s predictiveness deteriorates
faster with temporal delay than the former’s. This might in-
dicate that PMC maintains memory and plans ahead. This
fits neuroimaging results showing M1 and PMC to code for
immediate action and entire sequences respectively (Yokoi,
Arbuckle, & Diedrichsen, 2018).

Conclusion

We present a goal-driven FPN model with macro-scale plau-
sibility. Our bioinspired architecture learns in-hand object ma-
nipulation and improves upon previous work in performance
and sample efficiency. We thus contribute the first model of its
kind implementing both biological plausibility and functional
validity, serving a basis for research analysing its computa-
tions or building upon it. A preliminary analysis of the trained
network’s internal representations already shows promise with
respect to the validity of emerging internal representations.
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