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Bio from Bit 



Life  ≠  Alive 

(w/	Michael	Lachmann,	Aeon	magazine	2019)	



Life	



Walker	2016	“The	Descent	of	Math”	In	Trick	of	Truth:	The	Mysterious	Connection	Between	Physics	and	Mathematics?	A.	Aguirre,	B.	Foster	
and	Z.	Merali	(ed.)	Springer.		

What is life? 



more	“alive”		
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Quantifying life … 

“non-life”	 “life”	 “intelligence/	
technology”	



 
How can we explore the ‘Demonic Cut’ … 

Image from: Cronin & Walker 2016 “Beyond prebiotic chemistry.” Science 352 (6290): 1174-1175. 

Theory		 Experiment		



Reformulating the structure of chemical 
space with pathway assembly 

Marshall,	Moore,	Murray,	Walker	&	Cronin	(2019)	“Quantifying	pathways	to	life	
using	assembly	spaces”	arXiv:1907.04649	
	



Pathway Assembly of Molecules 



Astrobiology	need	‘big	data’	approaches	

Walker (2019) "The new physics needed to probe 
the origins of  life." Nature 569.7754: 36-38. 



Statistically exploring the origins of life in 
prep for exoplanet science 

Surman, Andrew J., Marc Rodriguez-Garcia, Yousef M. Abul-Haija, Geoffrey JT Cooper, Piotr S. Gromski, Rebecca Turk-MacLeod, Margaret Mullin, Cole Mathis, Sara I. Walker, 
and Leroy Cronin. (2019) "Environmental control programs the emergence of distinct functional ensembles from unconstrained chemical reactions." Proceedings of the National 
Academy of Sciences 116 (12) : 5387-5392.	



Alive	



Hard	Problem	of	Consciousness		 Hard	Problem	of	Life	

S.I.	Walker	and	P.C.W.	Davies	“The	Hard	Problem	of	Life”	in	From	Matter	to	Life:	Information	and	Causality,	Cambridge	University	Press	2017	



Can we physically emulate life?  



Can we physically emulate life … 
or consciousness ?  

Physical		
System	A		

Physical		
System	B		

Abstract	
computation	

Physical	isomorphism	

If	 life	 (or	 consciousness	 is	 a	
macrovariable	 (or	set	 thereof)	can	
we	 emulate	 it	 in	 other	 physical	
systems?	



Isomorphic Philosophical Zombies 

Hanson	&	Walker	(2019)	“Integrating	Information	theory	and	
Feed-forward		Isomorphic	zombies”	In	prep	



Isomorphic Philosophical Zombies 

Hanson	&	Walker	(2019)	“Integrating	Information	theory	and	
Feed-forward		Isomorphic	zombies”	In	prep	

Integration	depends	on	the	logical	
architecture,	not	efficiency,	nor	autonomy	



Image: Pratt Lab @ ASU 

Comparing	information	across	
living	and	non-living	collectives	



Tandem	running	
An	example	of	collective	behavior	

Slide	adopted	from	Gabriele	Valentini	
video	from	Gabriele	Valentini	



Collective behavior in ants and termites: 
same behavior, different function  

Learning:	Leader	knows	the	goal	
(e.g.	nest	site)	and	leads	follower	
(behavior	is	for	transferring	
knowledge)	

Exploration:	Both	leader	and	
follower	are	undirected	
(behavior	is	exploratory)	

from:	T.	Chouvenc	et	al.,	2010	

ants	

termites	



Leader	
Follower	

Statistical mechanics of living 
trajectories 



Coarse-graining to describe different 
channels  

Transmitter	

Channel	
(Noisy)	

Receiver	

Rotation	

Pausing	

Pausing	&	Rotation	



:	
				..from	leader	to	follower,	TL	à	F	
					..from	follower	to	leader,	TF	à	L	

TL	à	F	

TF	à	L	

L	 F	 L	 F	

NTE	=	TL	à	F	-	TF	à	L	

Measuring information transfer: 
Net transfer entropy 

Slide	adopted	from	Gabriele	Valentini	

1 1 1 1 0 0 1 2 0 1 …

1 0 1 1 2 2 1 1 0 2 …
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Landscape	of	
information	transfer		
(time	and	history)	

G.	Valentini,	N.	Mizumoto,	T.	Pavlic,	S.	Pratt	&	S.I.	Walker,	In	prep	



Distinguishing the “purpose/function” of collective 
behaviors based on the structure of information flows 

G.	Valentini,	N.	Mizumoto,	T.	Pavlic,	S.	Pratt	&	S.I.	Walker,	In	prep	



Same behavior, different local rules, 
different patterns in information flow  

Figure 2: Illustration of the
causal structure of the ma-
jority rule (left) and of the
voter model (right). The
figure show an agent (center
node) applying a decision-
mechanism over its neigh-
borhood (peripheral nodes)
and the final decision (back-
ground circles).

multiple channels must therefore be taken into account in order to understand collective

behavior in life.

3.1 Di↵erences that make a di↵erence: Information theory distinguishes the

same macroscale behaviors executed by di↵erent microscale dynamics

As a direct result of our NSF-PoLS funded research (NSF PHY-1505048) we were able to show

how information theory can reveal di↵erences in local causal structure for the same macroscale

collective behavior, without needing to know the details of the local rule structure. We used an

artificial system wherein many agents must gather, process and exchange information about the

environment to arrive at a consensus decision on which of two options is more beneficial to the

collective. Critical to group success is the transfer of information among agents: without it, no

consensus can be achieved. We analyzed the informational landscape of two decision-making

strategies, one based on the majority rule and one based on the voter model (see Figure 2), in

a collective of one hundred agents inhabiting a virtual environment. We showed that even if

both strategies leads to equivalent collective decisions and seem indistinguishable to an external

observer, their informational architecture (structure of information flows) is quantitatively di↵erent

(cf. Figure 3).

Our results confirm that information theory as a quantitative tool can distinguish systems ex-

hibiting the same collective behavior but using di↵erent local decision rules [57]. This suggests that

even if a living and non-living system display the same collective behaviors, they may nonetheless

be distinguishable because of di↵erences in their local causal structure: in living systems, biological

‘programs’ (written into biological materials through natural selection) operate within individual

agents to control collective properties, while in non-living ones we can expect only physical and

chemical interactions. This suggests that information may really quantify a “di↵erence that makes

the di↵erence” [1] in the physics of living matter, but we need proper non-living physical systems

automatically including the causal structure imposed by physics and chemistry, as opposed to in

silico ones that have no grounding in physical reality, as controls for direct comparison to living ones

4

Site A Site BNest

●
●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●
●●

●

●

●
●

●

●

Figure 1: Illustration of the simulation environment parti-
tioned into site A (red area), nest (white area), and site B
(blue area). Symbols: filled circles represent agents in the
dissemination state, empty circles represents agents in the
exploration state, colors represent agent’s opinion (red for
site A, blue for site B).

200 ⇤ ⇢i seconds for the dissemination phase.

Multi-Agent Simulations

To study the flow of information generated by the
decision-making strategies described above, we used a sim-
ple, continuous-space multi-agent simulator1 implemented
in C (Valentini et al., 2014). A collective of N = 100
agents is confined to a closed, rectangular environment with
a height of 100 units and a width of 300 units (see Figure 1).
The environment itself is partitioned into three adjacent and
communicating regions (100 units by 100 units). Sites A
and B are located on left and right sides of the environ-
ment, respectively, and the region in the middle represents
the “nest” – a central location that initially hosts the collec-
tive of agents and acts as a space for agent-to-agent commu-
nication.

The agents themselves are represented by self-propelled,
massless particles that can collide with the boundaries of
the environment but do not collide with each other. Agents
move at a constant velocity of 20 units per second2 and their
trajectory is determined by a random walk, when moving
within a certain region, and by a straight line, when moving
from one region to another. Upon collision with one of the
boundaries of the environment, an agent will bounce back
mirroring the angle of incidence in the collision. Agents’
positions are updated with a frequency of 10 Hz. Agents
are capable of navigating the environment and, when nec-
essary, moving between different regions. For example, be-
fore entering the dissemination phase, an agent moves in a
straight line from one of the two sites to the nest and, once
there, transits to the dissemination state to broadcast its pref-
erence to other nearby neighbors in the nest3. Only agents in

1A video-recording of a simulation based on the voter model generated with the
same simulator but different environment size can be found at https://youtu.
be/es9XXGr9Tpk.

2Simulation parameters have been previously fine tuned to approximate a well-
mixed interaction of agents, see (Valentini et al., 2014).

3A similar but specular process is implemented before an agent enters the explo-
ration phase which happens after the application of a decision mechanism.

the dissemination phase, i.e., those broadcasting their pref-
erence, can perceive each other’s preference for a site and
use this information during the application of the decision
mechanism. For the purpose of this study, the two decision-
making strategies both use a communication neighborhood
represented by the agent’s five nearest neighbors (see the
last part of this section for a motivation of our choice) with-
out imposing a constant communication range. Locality of
interactions is obtained instead from the spatial density of
agents. Simulations are terminated when a consensus deci-
sion is made by the collective.

Transfer Entropy

Central to our analysis of information transfer underlying
collective decisions is the notion of transfer entropy intro-
duced by Schreiber (2000). Transfer entropy, TY!X , is an
information-theoretic measure that quantifies the direct ex-
change of information from a process Y toward a process X .
In its original formulation, transfer entropy is defined on
time series of discrete values, but it can be extended for
use with continuous-valued time series as well. We denote
with xi and yi the discrete values of time series X and Y at
time step i. Transfer entropy TY!X from process Y toward
process X is given by

X

xi+1,x
(k)
i ,yi

p(xi+1, x
(k)
i , yi) log2

p(xi+1, yi|x(k)
i )

p(xi+1|x(k)
i )p(yi|x(k)

i )
,

where p(·) gives the probability of a certain event · and

x(k)
i = {xi�k+1, xi�k+2, . . . , xi}

is the k-history of X at time step i. This formulation of
transfer entropy is also known as apparent transfer entropy.
A variation in which all probabilities are conditioned also on
the current state of all other processes W = {W1,W2, . . . }
in the system is known instead as complete transfer en-
tropy (Lizier et al., 2008).

In our analysis, we aim to measure the flow of informa-
tion originating from the neighbors of a decision-making
agent and destined to that same agent. We restrict our cur-
rent analysis to the study of transfer entropy with history
length k = 1. Therefore, the previous equation reduces to:

X

xi+1,xi,yi

p(xi+1, xi, yi) log2
p(xi+1, yi|xi)

p(xi+1|xi)p(yi|xi)
. (1)

Although the behavior of agents in a collective executing ei-
ther of the two decision-making strategies is well defined by
a memoryless, finite-state machine (Valentini et al., 2016b),
longer scale interactions might still be possible due to the re-
peated and mutual interactions happening over time between
the same agents of the collective. Our choice of k = 1 is mo-
tivated instead by simplicity as we aim to focus our efforts
on the study of other experimental variables. We will inves-
tigate the effect of longer history lengths in future work.
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Figure 3: (a) Transfer of information as a function of the initial conditions for the majority rule
and the voter model. Di↵erent landscapes of information transfer resulting from the execution of
and as function of (b) the voter model and (c) the majority rule.

in order to test whether biological systems behave di↵erently through the lens of information-theory

due to their innate programming.

3.2 Collective computation via information flows across multiple channels

The primary goal of our prior NSF PoLS e↵ort (No. PHY-1505048) was to develop information

theory as a tool to understand emergent computation in collective-decision making by the rock

ant Temnothorax rugatulus. Our analyses reveal information transfer takes place across di↵erent

communication channels concurrently, and these multi-channel information flows play a key role in

the house-hunting behavior of this species. These ants are remarkably good at making collective

decisions about their nest-sites despite lacking centralized coordination. They achieve consensus on

an optimal nest by combining a few simple behaviors: exploration of the environment to discover

potential sites, recruitment of ants to a site by means of tandem runs, quorum sensing, and transport

of colony members between sites [44].

It is necessary to share information to make collective decisions: as such, a rigorous quantifica-

tion of information flows in collective systems has the potential to provide new insights into how

new kinds of computation (e.g. decision-making) can emerge from the actions of individual agents.

We focused on the tandem running behavior of Temnothorax ants, and used transfer entropy to

study information flows between leader and follower ants. Tandem runs allow ants informed about

potential sites (leaders) to lead uninformed ants (followers) about their location. Tandem runs

proceed in bouts of small, straight segments by the leader and more variable movements by the fol-

lower (perhaps while memorizing landmarks [3], punctuated by physical contact with the leader by

the follower which triggers a repeat of this sequence . This bidirectional feedback (i.e., the follower

follows and leader waits) has been postulated to implement a learning process akin to teaching in

humans.

5

G.	Valentini,	D.	Moore,	J.	Hanson,	T.	Pavlic,	S.	Pratt	&	S.I.	Walker	Transfer	of	Information	in	Collective	Decisions	by	Artificial	Agents.		Artificial	Life	2018	



Programming ‘living behaviour’ 
into non-living systems 



Thanks	to	World	Science	
Foundation	for	slide	designs		

Visit	us	on	the	web:	www.emergence.asu.edu		


