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the feedback path

(mechanical, auditory, visual)
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surgically enhanced feedback
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a first, natural
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Pavlovian signalling

Butcher et al., 2022; Brenneis et al.,
2022; Pilarski et al., 2022.



Pavlovian signalling is a process wherein
learned, temporally extended predictions

Butcher et al., 2022; Brenneis et al.,
2022; Pilarski et al., 2022.



Pavlovian signalling

are mapped
In a defined way to signals intended for receipt by a
decision-making agent

Butcher et al., 2022; Brenneis et al.,
2022; Pilarski et al., 2022.



Pavlovian signalling

and where these signals are
grounded for the sender in the definition of the
predictive question and mapping approach that
generated them.

Butcher et al., 2022; Brenneis et al.,
2022; Pilarski et al., 2022.



Signal Strength

Stimulus 1

Binary Grounded
Token Values
Token value 1
Threshold Token value O [
ACCUMULATION PREDICTION Time (steps)
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Pavlovian Signalling Co-Agent Human

Butcher et al., 2022; Brenneis et al., 2022; Pilarski et al., 2022.



The Frost Hollow
Experiments

Brenneis, et al., “Assessing
human interaction in virtual
reality with continually learning
prediction agents based on
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algorithms: A pilot study,”
Adaptive and Learning Agents
(ALA) Workshop, AAMAS 2022.
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Pavlovian signalling in motor prediction.
Parker et al., IEEE SMC 2022 (submitted);
Parker et al., ICORR 2019.
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Switching-based exoskeleton control.
Faridi et al., [CORR 2022.

Pavlovian signalling in mode switching.
Edwards et al., BioRob 2016.

Emergent communication during navigation.
Kalinowska et al., CogSci 2022;
Kalinowska et al., ICLR EmeCom 2022.
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IFESS 2013.
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Emergent communication during navigation.
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Pavlovian signalling in motor prediction. Pavlovian signalling in mode switching.
Parker et al., [EEE SMC 2022 (submitted); Edwards et al., BioRob 2016.
Parker et al., ICORR 2018.

Predicted muscle fatigue in
wheelchair propulsion. Pilarski, et al.,
IFESS 2013.

Emergent communication during navigation.

Switching-based exoskeleton control. Kalinowska et al., CogSci 2022;
Faridi et al., ICORR 2022. Kalinowska et al., ICLR EmeCom 2022.




Context

Williams et al., “Recurrent
Convolutional Neural
Networks as an Approach to
Position-Aware Myoelectric
Prosthesis Control,” I[EEE
TBME, 2022.
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Computing and Applications, 2022
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Assessment
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2. M. Pilarski, A. H. Vette, J. S.
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2020; 382:1732-8.




Pavlovian signalling

Expert-Designed mergent or Fully
or Fixed Signalling Learned Signalling




Pavlovian signalling
context

frameworks

Expert-Designec - mergent or Fully
or Fixed Signalling Learned Signalling




Pavlovian signalling
context
frameworks

assessment r Fully
or Fixed Signalling Learned Signalling

g I 14
. l




Ostensive-inferential Communication
Scott-Phillips, Speaking our Minds, 2014.
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machine learned bidirectional coordination
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Continually learning
| tightly coupled
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