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Abstract Results

¥ | Lo bl o J— : | N e Every 7/0-episode run of each RL algorithm were first mapped to a real-time equiv-
ow do synthetic btologtcal systems and artinctal neural networks compete tn theu alent of 20 minutes (length of the biological recordings).

performance in a game environment?

e We compare the inherent intelligence of in vitro biological neuronal networks
from human (HCC) and mice (MCC) cells to state-of-the-art deep RL algorithms:
DON, A2C, and PPO in the arcade game "Pong’

e We employ DishBrain, a system that embodies in vitro neural networks with in
silico computation using a high-density multielectrode array.

e [o account for potential disadvantages occurring as a result of increased input
dimensionality to the RL algorithms, we examine 1) IMAGE INPUT as well as two
alternative designs of the input structure: 2) PappLe & BaLL PositioN INPUT and
3) BALL PosiTioN INPUT.

e We find that these very simple biological cultures typically outperform deep RL
systems in terms of game performance characteristics implying a higher sample
efficiency.

e Key gameplay characteristics including average rally length, % of aces, and % of
long rallies (> 3 consecutive hits) were examined for all groups.
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Fig. 3: Comparing game performance in terms of average rally length achieved in different
groups. Rows correspond to different designs of the input structure in the RL algorithms.
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Fig. 1: Information, /, fed in the DishBrain system (bottom) and the three implementations of
the deep RL algorithms (top) with inputs of different dimensions.
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B SRl o L o ST Fig. 4: LEFT) The average paddle movement in pixels in all the difference groups. RIGHT)
| . _CLOSED-LOOP SYSTEM Relative improvement (%) in the average hit counts between the first 5 minutes and the last 15
minutes of all sessions.
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e DOQN algorithm was outperformed by all the other groups in all the tests.

e [he biological cultures outperformed all RL baselines in terms of the ultimate aver-
age rally length, ultimate % of aces (i.e. games lost in a single shot), and ultimate
—_— % of long rallies achieved.

Senson, e [he increase in the average rally length, the decrease in the number of aces, and

information (ball . : . . . [ Ll
position)( Unpredictable Predictable the increase in the number of long rallies were only significant within the MCC and

LG Sl HCC biological cultures.
feedback feedback

J
e [he HCC group had the highest relative improvement in the average number of hits
R 2Lt m 2££2E £ group had the highest relative imj averag

between the first 5 minutes and last 15 minutes of the game.

Process: Feedback —
teiiag) peretls 208 - v This is the first comparison between a synthetic biological intelligence system

) and state-of-the-art RL algorithms.
l v This work establishes that even the most rudimentary synthetic biological
intelligence systems with limited informational input are a viable learning system
[ i J that can compete and even outperform the RL algorithms.
— . : v' Coupled with the promise of significant gains in power efficiencies and
Miss Hit flexibility of tasks, these synthetic biological intelligence system present a
compelling pathway for realizing real-time learning.
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Fig. 2: DishBrain system and Feedback loop. Adapted from our previos work: Kagan et al,
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