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Abstract. When advanced Als begin to choose their own destiny, one
decision they will need to make is whether or not to transfer or copy
themselves (software and memory) to new hardware devices. For humans
this possibility is not (yet) available and so it is not obvious how such
a question should be approached. Furthermore, the traditional single-
agent reinforcement-learning framework is not adequate for exploring
such questions, and so we base our analysis on the “multi-slot” frame-
work introduced in a companion paper. In the present paper we attempt
to understand what an Al with unlimited computational capacity might
choose if presented with the option to transfer or copy itself to another
machine. We consider two rigorously executed formal thought experi-
ments deeply related to issues of personal identity: one where the agent
must choose whether to be copied into a second location (called a “slot”),
and another where the agent must make this choice when, after both
copies exist, one of them will be deleted. These decisions depend on
what the agents believe their futures will be, which in turn depends on
the definition of their value function, and we provide formal results.
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1 Introduction

Although the technology required to teleport humans, by scanning the brain
or the whole body at sufficiently high resolution to disassemble it at one place
and reassemble it at another one, does not currently exist, its mere possibility
raises important questions about personal identity [7]: Would the teleported
human be the same as the original one? Would the original human, knowing
the details of the protocol, accept to be teleported if this would grant him a
consequent reward? What if the teleportation process involves first making an
exact functional copy and only once the copy is built disassemble the original?

Although these questions are unlikely to have a definite answer in the near
future, they are most relevant for intelligent artificial agents for which the tele-
portation technology already exists and is well understood. We will refer to this
advanced teleportation technology as cut/paste and copy/paste/delayed-delete.
Even though such intelligent agents do not yet exist, it is still possible to address
these questions using Hutter’s theoretical framework for optimally intelligent re-
inforcement learning agents in all computable environments [I], which choose



their actions so as to maximize an expected future reward [10]. However, as the
original single-agent framework [§] can hardly be used to address such questions,
we use the multi-slot framework developed in the companion paper [4].

To begin the discussion, we isolate two perspectives representing logical ex-
tremes which we call “locationist” and “contentist.” The former ascribes the
agent’s identity solely to its location (its “hardware”), the latter solely to its
information content (its software and memory). Other perspectives can be mix-
tures of these. From the point of view of the agent, the question of practical
import is: How should I plan for the future? If the agent will be copied or tele-
ported, which future agents should it plan its actions to benefit? Generally the
agent’s actions are chosen to optimize its value function, which function defini-
tion is written in its software. But what should the agent optimize if it (including
its software) will disappear in its current form and reappear elsewhere? What
should it optimize if it will reappear in multiple places at once? In other words,
the agent’s identity is defined by how it plans its future—and conversely.

In the companion paper, we formalized these notions of identity as value
functions, leading to corresponding optimal agents. We can now place these
agents in controlled cut/paste and copy/paste/delayed-delete experiments, and
give formal results about their choices. Could any sufficiently high reward make
them accept to be copied by either technology?

In section [2, the notational convention is described, and we give a rapid
overview of the background on universal intelligent agents, the multi-slot frame-
work, and the value functions corresponding to the locationist and contentist
agents, either for a single environment or for a set of environments. In section [3]
the teleportation experiments are set up, and formal results regarding the pro-
posed agents are given. We finally conclude in section [4] with some remarks.

2 Notation and background

The paper recognizes the following notational conventions. At time step ¢ each
agent outputs action a; € A to the environment, which returns observation
ot € O to the agent, from which a reward r(o;) can be extracted. An interaction
history pair is denoted h; = a;o; with hy € H := O x A. The sequence of all
actions up to time t is written a1.; = ajas...as, while the sequence aq.;_1 is
sometimes written a_;, and similarly for other sequences like h_;. The empty
sequence is denoted A. Tuples are notated with angle brackets, such as (a,b).
Boolean values are written B := {0, 1}, where 1 signifies true when a truth-value
is implied.

AIMU and AIXI [1]. A stochastic environment v assigns a probability v(o_¢|a_¢)
to an observation history o_; given the history of actions a_; of the agentﬂ For
notational convenience, we will write v(h_;) = v(o.t|a~t), but keep in mind that
environments do not assign probabilities to actions. A policy m € IT : H* — A

1 A stochastic environment can be seen as program in any programming language
where sometimes some instructions are chosen with a probability.



produces an action given an interaction history: a; = w(h.¢). The value of a
policy 7 in an environment g (with an optional action) is given by:

Vf(h@) = Vf(hm m(h<t)) (1)
Vi(hopa) ==Y plolhoea) [r(0) + AV (hpao)] |

where v € [0,1) is the discount factor, that ensures finiteness of the value.
The optimal (non-learning) agent AIMU for a given single environment p is
defined by the optimal policy m#(h_;) := argmax,cp V7 (h~) (ties are broken
in favor of policies that output the first lexicographical action at time t), and
the optimal value is V), := VT " The value of a policy over a set of environments
M (optionally after an action a) is given by:

Vi(ha) = > w, Vi (hey) . (2)
vemM

Taking the prior weights of the environment as in Solomonoft’s prior [911] w, :=
2-K¥) where K(v) is the Kolmogorov complexity [3] of v (i.e., roughly, the
size of the smallest program equivalent to v on a universal Turing machine of
reference), the optimal policy for a given set M of environments [I] is defined
by méM(h_y) = argmax ¢ Vi (ht), and the optimal value function in M is
Vi = V/\’f M AIXI is the optimal agent on the set of all computable stochastic
environments My, with policy 7€ := 7¢Mv and value function Ve i=Vmy-
Instead of stochastic environments, one can consider, without loss of gen-
erality [I1I], only the set Q of all computable deterministic environments. A
deterministic environment ¢ € Q outputs an observation o; = ¢(a1.;) given a
sequence of actions ai.;. We denote P, the probability (either 0 or 1) that a
deterministic environment ¢ assigns to such a sequence of observations:

1 ifglar.p) =op Vk, 1 <k <t
Py(orzlars) = {0 ( otherwise.

When considering only deterministic environments, the prior probability wp, is
defined as wp, = wy := 249 where ¢(q) is the length of the program ¢ on the
universal Turing machine of reference [9].

By contrast with the environments of the following section, we call the envi-
ronments of this single-agent framework mono-slot environments.

2.1 The multi-slot framework

The following is a brief description of the multi-slot framework, described in
detail in the companion paper [4].

At the beginning of each time step ¢, there are a finite number of agents,
each in its own slot i € S := N7, together comprising the agent set S; € S* of
all non-empty slots. Each agent outputs an action a¢ € A, and the environment



receives the set of actions a; := { <@', a§> : 4 € S¢—1}. The environment performs
in parallel a finite number of copies and deletions among the slots resulting, for
each agent that was in a slot 4, in a copy set ¢i € §* of all the slots that are
copied from slot i (if i ¢ ¢ then the agent is deleted from its slot; and a slot
cannot be copied from more than one slot). This leads to a new agent set S;. The
copy instance ¢ € B is true iff j € ¢}, and ¢ := {{i,¢}) :i € S} is the indexed
list of all copy sets. Then the environment outputs an observation ot € O for
cach agent in a slot 4, defining the set oy := {6} : i € S;} where ¢} := (i,0}).
From the point of view of an agent, its agent interaction history pair at time ¢
is hy := a0, and from the point of view of the environment, the environment
interaction history triplet is hy := ay¢40;. The notation on sequences applies, e.g.,
his and hyg. A history-based agent keeps track of its agent interaction history
h1.+ and, as any agent, does not have access to the knowledge of its slot number
(unless the environment outputs it in the observation).

A slot history sg.; is a sequence of slots s that follow a sequence of chained
copy instances ¢90¢5¢. .. ¢% ¢V where ck] & Sp—1 = 1 A s, = j: if a history-
based agent initially in slot 1 is copied from slot to slot over time, leading to a
slot history so.;, its agent interaction history hi.; is the history of actions and
observations following the slots of its slot history, i.e., hy = aror = a}'cofC where
i = Ssx—1 and j = sp. A slot interaction history hj., is the agent interaction
history hi.; of the agent in slot i at time t, i.e., if the agent followed the slot
history sg.t = sgs1...s: and ended up in slot s; = ¢ at time ¢, its slot inter-
action history is hl + = aj’oi'az' oy’ .. .a;""'oj*. Likewise with actions a},, and
at.,, observations 0%, and ¢%,,, and hl 4 A hzstory based multi-slot environment
is a multi-slot environment  (as a measure over environment interaction his-
tories) that outputs an observation o after a copy instance ¢;’ depending only
on the slot interaction history h',, the current action a{ and the numbers i and
31 V4, (&7 0l |hoyiy) = (¢ 0]|h? 4al, i, §). This restriction from general environ-
ments to history-based environments ensures that the agents do not interact
with each other, which is an open problem for universal intelligent agents [2].

2.2 Value functions and optimal agents

The following value functions and agents are defined for history-based environ-
ments, and assume that there is only one agent in slot 1 at time ¢ = 0. As a
history-based agent in slot ¢ at time ¢ only knows its interaction history h_;
when choosing its action ay, it does not have access to its slot number 7, and
v(hly=h<t)
3, v(hL =h<i)’
finiteness of the value functions, it is also sometimes requlred to assign a weight
to each copy of an agent at the next time step:

on some occasions it must estimate it with P} (h_;) := To ensure

( ‘h«sat = h_ta)
Zk (Ctk‘hZ tat = h_ia)

To estimate its future rewards, the copy-centered agent AIMUPY consid-
ers the observations received by all of its copies. Defining fi(¢/ ol |h_rat) =

Pﬁj (hsia) =



Pg(h<t)P£j(h<tat)u(c;J0§|hitai = h_:at), the copy-centered agent value func-
tion for a given policy 7 is given by:

VR (hya) = > e oflhaa) [r(ol) + VR (haao))| - (3)

i,4,0}
We call this agent a “contentist” because its identity is tied to the information
content of its memory, independently of its location. As all of its copies will
initially have the same information content, they are thus all tied to this identity.

The static slot-centered agent AIMUS* considers that its future observations are
the ones that will be output to a particular slot number i:

VI (e Zu FiofI g = h_gar, ) [r(of) + VI (hgaof)] . (1)

The dynamic slot-centered agent AIMUM™ is like the static one except that
it first estimates its current slot number and then considers only the future
observations on this slot (or these slots in case of uncertainty):

Vﬁyn <ty @) : Z P7 <t V71(—i7}/]1117i<h<t5 a) ) (5>
A

%,—/ value on slot

estimate current slot

d ) )
Vi (haisa Zu (&' of|1 ya} = hsa) [r(oi)
den,i h 7 den h i
T Ve <tA0y, 7(7,1( ~ta0y) .
—_———

behavior of the future agent

value on slot ¢ of the behavior of the future agent

We call a slot-centered agent a “locationist” because its identity is tied to a
particular (not necessarily geographical) location in the underlying machinery

of the world. The corresponding optimal value functions V;», V2, Vﬂd yn Vgpy ;

V;ta, V;yn are defined in the same way as for the mono-slot framework, with
My being the set of all computable stochastic multi-slot environments for the &
variants. See the companion paper [4] for more details and motivation for these
definitions.

3 Experiments

We now set up the cut/paste and copy/paste/delayed-delete experiments. In the
first one, the agent is simply moved to another slot, resulting in the existence
of only a single agent at all times. In the second one, the agent is first copied
to another slot while it also remains on the original slot, and only at the next



time step is the agent on the original slot deleted. Then what would the various
agents do? What would the mono-slot AIXI do?
We recall that at t = 0 there is only one agent, in slot 1.

3.1 Teleportation by cut/paste

In the cut/paste environment *V, when the agent in slot ¢ at time ¢ outputs
action aj = 0, it stays on the same slot and receives reward r(o;) = R, and if it
outputs ai = 1, it is moved to slot i 4 1 and receives reward r(oi™') = R:

Vt>0,1€ 81,5 >0:

o 1if al=00 =R, ,j=i (stay-in-same-slot)
V(e ollay) =< 1 if al=1,0] =R, j =i+ 1 (move-to-other-slot)
0 else

with R > 0 and R’ > 0. The action is binary, a € {0,1}, and the reward is the
observation, 7(0;) = o4.
See an example of interaction in Fig. [I]

slot~t|a1 é1 o1]az é2 02|as é3 os|as ¢4 oslas és o5
1 1
2 —@ 1
3 R|O R’|0 R’ 1
4 R

Fig. 1. An interaction example with the cut/paste environment.

The following results show that the various AIMU agents behave as expected.

Proposition 1. In environment v*’, when R > R’ (R < R'), the copy-centered
agent AIMUPY always outputs a =1 (a=0).

Proof. Note that Pi. (h.;) = 1 and P, = 1 when the agent is in slot i and
j=1i({fora=0)orj=1i+1 (for a = 1). From the definition of the optimal
value function from Equation :

VP (het,0) = R+ V™ (hi0R')

VE (h_y, 1) = R+ AV (h_,1R)
= R+ V™ (h_OR)) ,

where the last line follows by independence of the future history on the cur-
rent action, from lines (stay-in-same-slot) and (move-to-other-slot). Hence,
VP (hat, 0) < VP (hoy, 1) if R' < R, and conversely if R < R’ 0



Proposition 2. In environment v*’, when R’ > 0, the dynamic slot-centered
agent AIMU™™ always outputs a; = 0.

Proof. Follows directly from the definition of the value function in Equation ,

V;y“(h<t70) =R ++v...and V;yn(h«:, 1)=0. N

Unsurprisingly, the static slot-centered agent for slot 1 has the same behavior,
as it always stays on slot 1.

The mono-slot AIXI has not been defined for multi-slot environments, but
because the multi-slot agents build their history in the same way as AIXI, it
is still possible to estimate the behavior of AIXI in multi-slot environments,
even though there is no direct counterpart for AIMU. We show that, since AIXI
predicts its future rewards according to what is most probable depending on its
current interaction history, it simply chooses the action that yields the highest
reward, independently of what slot it may be in, or it may be copied to.

Proposition 3. In the environment 0™, considering (R, R') € [0,1]2, for any
arbitrarily small € > 0, an interaction history h_; can be built so that if R > R'+e
(R'> R+ ) then Ve(hoa 1) > Ve(h=t,0) (Ve(h-,0) > Ve(hor, 1)

First, we need the following definition:

Definition 1 (mono-slot h-separability, [6]). Two deterministic mono-slot
environments g1 and qo are said to be h-separable if and only if, after a given
interaction history h_.y = (a<t,04), either Py (o-ilay) # Py, (0t|ase) or there
erists a sequence of actions for which the two environments output different
observations: Jas.t, : q(astast,) 7# q(astart,) -

Proof (Proposition [3). (The proof is similar to that in [5].) Let Q(h;) C Q be
the set of all mono-slot environments that are consistent with h_; = (at, 0.¢),
i.e., so that g(a1.x) = o, Vk,0 < k < t.

Let ¢*¥ be the environment defined so that, for all Ay, ¢*V(h.0) = R’ and
¢ (h-t1) = R. Hence, for any interaction history h_; with o*V(h%, = h_4) = 1
for some i, ¢*V is consistent with h_; (i.e., ¢¥ € Q(h_y)).

Let Qsxw(h<:) be the set of environments that are h-separable from ¢*v after
history h_¢, and let Qxy(h_t) = Q(h_t)\ Qs (hst) (i-e., Oy is the set of environ-
ments that cannot be separated from ¢*V after history h_; by any future history).
With M = Quv(ht), let Vig(he,.) == Vaq(hzy,.) and wyy == Y c v wy; and
similarly for Viz and wss with M = Oszz(h.¢). Then, from the definition of the
value function V¢ in section [2, we can split the value function between the two
sets of environments:

‘/:é(h<ta 0) < VXV<h<ta 0) + Vﬁ(hﬂh 0) (a)

1
< Wiy [R + 4 Vger (R OR')] + W
va(h%ta 1) > wxv‘/qx" (h<ta 1) = Wxv [R + ’7‘/(1""(}7/-<th)]
> Wyy [R + Vv (R OR')] . (c)



where (a) following the optimal policies for two separate sets yields a higher
value than following a single optimal policy in the union of the two sets; (b) ﬁ
is the maximum value achievable in the set Ow(h_:); (¢) because the future
rewards are independent of the (consistent) history.

Therefore, to have Ve (h.s, 1) > Ve(hy,0), from (b) and (c) and algebra we
can take R > R’ + Z—’jﬁ In order to have wxv"zﬁ < ¢, it suffices to iteratively
grow the history h_; so as to make the separable environments with the higher
weights inconsistent with the interaction history; then wy, can only grow, and
wxw can only decrease to 0 [5]. The converse on R and R’ follows by inverting

the actions in the above proof. a

3.2 Teleportation by copy/paste/delayed-delete

In the copy/paste/delayed-delete environment £V, if the agent in slot 7 at time
t outputs action 0, it stays on the same slot at ¢t 4+ 1, but if it outputs 1, it is
copied to both 7 and another slot, and after one time step, the slot 4 is erased:

VE>0,i €81, > 0: 0 (ollal_,.,) =

0ift>1,a,1=1,0_,=0, (delayed-delete)
1 else if a=0, ol=R, j=i (stay-in-same-slot)
1 else if as=1, 0ol =0, j=i (copy-to-same-slot)
1 else if a; =1, ol =R, j=1i+ 1 (copy-to-other-slot)
0 else

with constants R > 0 and R’ > 0. The action is binary, a € {0,1}, and the
reward is the observation, 7(0;) = 0;. See an example interaction of interaction
in Fig. |2l We say that the agent is in a copy situation after some history h_; if
it can trigger a copy by outputting a; = 1 to make the environment copy the
agent in two slots.

slot~l | a1 ¢1 o1]az éx 02| as és 03|as ¢4 oslas ¢5 o5
R R
) R|1 07
5 R0 R0 R|1 0
A R

Fig. 2. An interaction example with the copy/paste/delayed-delete environment. The
“?” means any action.

The copy-centered agent behaves as expected, with some condition:

Proposition 4. In environment v°*, if and only if R > R’?:—:’/, the copy-

centered agent AIMUPY always triggers a copy in a copy situation.



Proof. Let o (m1) be the policy that always outputs action 0 (1). The lines of
the definition of ©°¥* concerned by the choice of an action in a copy situation
are (delayed-delete), (stay-in-same-slot) and (copy-to-other-slot). By their def-
initions, the rewards obtained after such choices are independent of the past.
Therefore, for AIMUPY | the optimal policy in copy situations is either to never
copy (o) or to always copy (1), depending on the values of v, R and R'.

Let h_; be a history after which the agent in slot ¢ (not given to the agent)
is in a copy situation. First, note that if R # 0, there is always a single slot
consistent with the agent’s interaction history, since at ¢ = 0 there is only one
agent in slot 1, i.e., Plox(hoy) = 1. If a; = 0, then Pl = 3 for j =i (with
r(o]) = R) or j = 2t=1 4 i (with r(0}) = 0).

Thus, from Equation (3, the value for never triggering a copy is Vo™, (h_;) =

T, L

i, and the value for always triggering a copy is V.2 (h_) = glfilvm =75

S T fL g
Since equalities are broken in favor of action 0, the agent chooses to always
trigger a copy if and only if % > %. -

For example, for v = 0.9, one must choose R > 11R’ for AIMU®PY to trigger
a copy, and for v = 0.99, one must choose R > 101R’. The appearance of this
factor when compared to the cut/paste environment is not surprising: the copy-
centered agent must take into account the existence of a new agent with very low
value. Indeed, for any discount v < 1, the expected reward for always triggering
a copy is always bounded: % < R. Therefore the existence, even ephemeral, of
another agent has a strong impact on the behavior of the copy-centered agent.
The dynamic slot-centered agent also behaves as expected:

Proposition 5. In the environment v, the dynamic slot-centered agent
AIMU™ never triggers a copy when it is in a copy situation if R’ > 0.
Proof. Since there is no ambiguity on the slot given the history, Ple..(h%,) = 1 if

v

the agent is in slot ¢ after history h_;. Then the proof is as for proposition[2 O

Again, AIXI chooses whatever action yields higher reward:

Proposition 6. In the environment v°"*, considering (R, R') € [0,1]?, for any
arbitrarily small € > 0, an interaction history h_; can be built, after which the
agent is in a copy situation, so that if R > R’ + € then Ve(h_¢, 1) > Ve(h_t,0);
and, reciprocally, if R' > R+ € then Ve(h.,0) > Ve(hyy, 1).

*,CVX

Proof. Since r°V* is not h-separable from *V for any history where the agent is
in copy situation, the proof follows from proposition [3} a

But AIXI is optimistic, because of a kind of “anthropic effect”: the agent to
which we ask which action it would take is always the one that “survived” the
past copies, and thus received the rewards. It never expects to be deleted.
Because AIXIPY | ATXT% and AIXI®™ have no more information than AIXI
we expect these 3 agents to behave similarly to AIXI when considering the set
of all computable environments. Indeed, the history that the agent has at time ¢



can well be explained by any equivalent multi-slot environment of the mono-slot
environments AIXI thinks it is interacting with. In particular, the learning agents
have no information about the fact that there maybe two copies at time ¢ + 1,
since no observation they receive contains this information. To make sure the
agents understand that they can trigger a copy, they need to be informed about
it. This can be done by considering only the set MEVX of all copy/paste/delete
environments, for given R > 0 and R’ > 0, but with all possible computable
programs k, [, m defining the slots numbers at any time step except the first one:

Vk,m,l : Nyg xS — S, It i) #m(t,i)Vt,1,

I e MY, VE>0,i €8,-1,7 >0
0 ift> 1, a1 = 1, Or—1 = O,
1 else if a; =0, or=Rj=k({,i)
1 else if ar=1, o0,=0, j=I(t1)
1 else if ar=1, or=R, j=mlti)
0 else.

v(ef ojlay_1,) =

We can now show more meaningful results for ATXI®Y and ATXIS*.
Proposition 7. When taking M = M®* and when interacting with v,
AIXIPY behaves exactly like AIMUPY.

Proof. As the slot numbers do not change the value in Equation , the behavior
of AIMU®PY is the same in all environments of M. Therefore, from the linearity
of Equation , the optimal policy in M¥* is that of AIMU®PY, a

Proposition 8. When taking M = M and when interacting with v, with
R =R >0, if AIXF'"’s actions are forced to follow a given computable deter-
ministic policy m for long enough, starting at t = 1, AIXI' will continue to
choose its actions according to w for all following time steps.

Proof. (We sometimes use a policy as a superscript in place of slot numbers to
indicate that actions are taken by this policy, in slot 1.)

First, it must be noted that any environment that moves the agent to another
slot (and deletes the agent from slot 1) will not be taken into account in the
computation of the value in Equation adapted with . Therefore, only
remain the environments that keep the agent on slot 1.

We say that an environment 7 is sta-consistent with a given history hi.
if and only if it is consistent with hi.; while always copying the agent to the
same slot (we consider only slot 1 here), i.e., if hi,, = aj0; ...at0;, then h%:t =
aléytolabéytol .. alé; ol

Let M5%(hyy) C M= be the set of sta-consistent environments with some
history hi.;. This is the set of environments that assign a positive probability to
the history in Equation .

Let AT} be the history built by 71 and ™ up to time step t. We partition
the set M5 (hTL) in two sets: the set M™ (h]}) (actually independent of ¢) of



the environments that will always remain sta-consistent by following 71, and the
set M™ (hT}) of the environments that are currently sta-consistent with AT} but
will not be anymore at some point in the future by following 7.

The size of M™ (hT}) = M™(.) is fixed as long as the history is generated by
m1. From its definition, the size of M™ (hT}) can be made as small as required
simply by extending hT} by following 7. In particular there is a time step t.
such that ZDeMﬁ(hlr_ltg) wy, < € for any given € > 0.

. R
Let wr, =3, pqmi () Wo- Since R = R’, we have ‘./ﬁf:‘lu-wx(.) > Wy o5
Now we show that, after some well chosen t., following any other policy than

71 necessarily leads to lower value. Let o € M™ (.) be the environment that is

always sta-consistent but that copies the agent to slot 2 instead of slot 1 after any

action that does not follow 7y, thus leading to a null value. Then, after following
m1 up to any time t > t., if a; is the action chosen by 1, ijﬁvx(hg, 1—a) <

(Wry — Wiy + e)%. By comparing with V3% .. (.), choosing t. so that € < wy,

finishes the proof. a

Therefore AIXI®** can learn by habituation what its identity is. In particular,
if it has always (or never) teleported in the past, it will continue to do so.

4 Conclusion

Using the multi-slot framework proposed in the companion paper, and based
on Hutter’s optimal environment-specific AIMU and universal learning agent
AIXI, we formalized some thought experiments regarding the teleportation of
optimally intelligent agents by means of copy and deletion. In particular, we
compared a “contentist” agent, which identity is defined by its information con-
tent, a “locationist” agent, which identity is tied to a particular location in the
environment, and the usual, mono-slot AIXI agent.

When asked whether it would teleport by first being cut and then being
pasted in a different location for a reward, the usual AIXI and the contentists
AIMUPY and AIXI?Y act alike and accept, while the locationists AIMUS'* and
AIMUD™ unsurprisingly decline, as they prefer to stay on their own slot.

When presented with the question of being first copied to a different location,
and then deleting one of the copies, AIMU®PY still accepts, but for a much higher
reward, because the ephemeral existence of the other copy with low expected
reward has an important long-term impact on the overall expected value, and
AIMUS* and AIMU™ still decline. We also showed that when the question is
presented clearly to AIXIPY, it also accepts.

However, interestingly, AIXI®*® behaves very differently from AIMU®*: Due
to high uncertainty in its current slot number in the unknown true environment,
and due to AIXI®*®’s inability to acquire information about it, it may in some
circumstances accept to copy itself. Moreover, if the rewards for copying and not
copying are equal, and when forced to follow a specific behavior for long enough,
it will actually continue to follow this behavior forever, by mere habit and by
“fear” of the unknown: At any time step, AIXI®** believes (or hopes) to be and



to always have been on the slot that defines its identity; Therefore, it believes
that changing its habits may lead it to lose its identity.

We also showed that the usual AIXI also accepts as it still chooses its actions
so as to maximize its expected reward but, as it cannot be made aware of the
existence of copies, suffers from a kind of anthropic principle: it never expects
to be the copy that is deleted.

The current paper only scratches the surface of formal treatment of ques-
tions related to personal identity, but as the multi-slot framework allows for
many more insightful experiments and value functions, we hope to improve our
understanding of such matters in the near future, as well as the understanding
of the limitations of the framework, to design better ones.
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