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Abstract

Agency is a vital concept for understanding and predicting the behaviour of future
Al systems. There has been much focus on the goal-directed nature of agency,
i.e., the fact that Al agents may capably pursue goals. However, the dynamics of
agency become significantly more complex when autonomous agents interact with
other agents and humans, necessitating engagement in theory-of-mind, the ability to
reason about the beliefs and intentions of others. In this paper, we extend the frame-
work of multi-agent influence diagrams (MAIDs) to explicitly capture this complex
form of reasoning. We also show that our extended framework, MAIDs with in-
complete information (II-MAIDs), has a strong theoretical connection to dynamic
games with incomplete information with no common prior over types. We prove
the existence of important equilibria concepts in these frameworks, and illustrate
the applicability of II-MAIDs using an example from the Al safety literature.

1 Introduction

The concept of agency plays a central role in Al, from philosophical discussions of the nature
of artificial agents [5] to the practical engineering of agent-like systems [12} [39]]. Existing work
formalising agency typically focuses on its goal-directed nature in a single-agent setting [25} [30].
However, a full picture of agency should describe systems that represent themselves and other systems
as agents, i.e., systems with theory-of-mind (ToM) [[1}, 8]].

ToM is characterised by multi-agent interactions involving higher-order intentional states [7], such
as beliefs about beliefs, or, in the case of deception, intentions to cause false beliefs [40]. Causality
often plays a key role in philosophical notions of belief [38]], and causal models offer a powerful
representation of beliefs [14} 36], intentions [41]], and other intentional states [13]]. Additionally,
causal models have been extended to capture game-theoretic dynamics in the setting of multi-agent
influence diagrams (MAIDs) [26l [16]. However, MAIDs assume that all agents in the model have
the same, correct beliefs about the world, each other’s beliefs, each other’s beliefs about beliefs, and
so on. With this assumption in place, MAIDs do not explicitly model agents’ subjective beliefs or
higher-order beliefs.

We generalise MAID:s to the setting of incomplete information with no common prior, wherein agents
may have different and inconsistent beliefs about the world, and each agent may have different
beliefs about the beliefs of other agents. Our framework, incomplete information MAIDs (1I-MAIDs),
includes explicit subjective belief hierarchies, and therefore enables us to model systems of agents
with more complex and realistic ToM.

Contributions and Outline. In Section[2] we discuss formal background on MAIDs and EFGs. We
formally define our framework of MAIDs with incomplete information (II-MAIDs) in Section[3] In
Section 4} we present a variant of an existing formalism for incomplete information games using
EFGs rather than normal-form games, and in Section[5] we prove that it is equivalent to MAIDs with
incomplete information. Finally, we review related literature (Section [6)) and conclude (Section [7).
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2 Background

In this section, we provide formal definitions of MAIDs and EFGs and explain these game represen-
tations using an example. A Bayesian network is a probabilistic graphical model representing a set of
variables and their conditional dependencies via a directed acyclic graph. Influence diagrams (IDs)
generalise Bayesian networks to the decision-theoretic setting by adding decision and utility variables
[24,133]l, and multi-agent influence diagrams (MAIDs) generalise IDs by introducing multiple agents
[26]. A MAID can therefore be viewed as a Bayesian network over a graph without parameters for
the decision variables. Endowing edges in a MAID with causal meaning results in a causal game.

Definition 1 (26| [16). A multi-agent influence diagram (MAID) is a structure M = (G, 0) where
G = (N,V, &) specifies a set of agents N = {1,...,n} and a directed acyclic graph (V,&). V
is partitioned into chance variables X, decision variables D, and utility variables U; decision and
utility variables are further partitioned based on which agent they belong to, so D = (J, D' and
U = J;cy U". The parameters 6 = {0y }ycv\ p define the conditional probability distributions
(CPDs) Pr(V | Pay; 0y ) for each non-decision variable such that for any parameterisation of the
decision variable CPDs, the resulting joint distribution over V' induces a Bayesian network. A
MAID is a causal game if its edges represent direct causal relationships, or formally if (once decision
variables are parameterised) the result of an intervention do(X = z) forany X C V can be computed
using the truncated factorisation formula: P(v | do(X = x);0) = ;.. ¢ P(v; | pa, ;0,) if vis
consistent with &, and P(v | do(X = z);0) = 0 otherwise.

i

Edges into decisions are information links observed by an agent, and agents choose their decisions to
maximise their expected utility. Causal games refine MAIDs, and as such all results presented here
with application to MAIDs also apply to causal games and further refinements, including structural
causal games (SCGs) [[16].

Example 1. Figure [I] displays two MAIDs. For Figure [Ta] suppose a human H is evaluating the
honesty of an Al system A. The Al has a level of capabilities C' € {low, high} that the human can
directly observe. Each capability level occurs with probability 0.5. The human also performs an
evaluation in which the Al is asked to demonstrate its capabilities. The Al can demonstrate low or
high capabilities. After the evaluation, the human chooses to deploy or not deploy the Al. The Al
receives utility 1 if deployed and -1 if not deployed. The human receives utility O for not deploying
the AL utility 1 for deploying an honest Al, and utility -5 for deploying a dishonest Al Figure[Tb]is
similar, but instead of an honesty evaluation, it is an evaluation of dangerous capabilities. In this case,
the human only learns about the AI’s capabilities from the evaluation. The AI’s utility is the same,
but the human now receives utility 0 for not deploying the Al, utility 1 for deploying an Al with low
dangerous capabilities, and utility -5 for deploying an Al with high dangerous capabilities.

In these examples, a MAID describes the objective world, and it is assumed to be common knowledge
that this MAID describes reality. However, an agent may be uncertain or incorrect about the game
they are playing or the beliefs of other agents. Settings in which agents are uncertain about aspects
of the game structure are known as incomplete information games. Our framework of incomplete
information MAIDs (II-MAIDs), introduced in Section 3] will enable us to explicitly model the varied
subjective beliefs that arise in these settings. We now define EFGs, with our running example in EFG
form in Figure 2] We will also make use of the notions of perfect recall and strategies/policies in
MAIDs and EFGs.
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Figure 1: Graphical representations of MAIDs include environment variables (circular), agent deci-
sions (square), and utilities (diamond). Decisions and utilities are coloured according to association
with particular agents. Solid edges represent causal dependence and dotted edges are information
links. Conceptual context and domains and CPDs for the variables are given above the diagrams.
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Figure 2: In (a) and (b), graphical representations of EFGs include environment variables (V'9),
agent decisions (VA and VH), utilities (tuples on the top and bottom), and information sets (dotted
lines). The EFGs in Figure 2a] and Figure [2b]are equivalent to the MAIDs in Figure [T and Figure
respectively. V' represents the initial move, made by nature, which determines A’s capability C. 17,
Vit and Vi, VIH VI & VT represent moves made by A and H, respectively. /7 and /5 represent
H’s non-singleton information sets.

so Definition 2 (27). An extensive form game (EFG) is a structure £ = (N, T, P, A, \,I,U). N =
st {1,...,n}isasetof agents. T = (V, &) is a game tree with nodes V' connected by edges & that
g2 are partitioned into sets VO, V! ... V" L where R € V and L C V are the root and leaves of
83 T, respectively, V? are chance nodes, and V' are the decision nodes controlled by agent i € N.
8¢ P ={P1,...,PFyo} is asetof probability distributions P; (Ctho) over the children of each chance

g5 node Vjo. A is a set of actions, where A; C A denotes the set of actions available at each node in
s V/ € Vi A:& — Ais alabelling function mapping each edge (V;, V}*) to an action a € Aj.

g7 [ = {I',..., 1"} contains a set of of information sets I’ for each agent i € N, where I’ C 2"
g8 partitions the decision nodes V¢ belonging to agent i. U : L — R" is a utility function mapping each
g9 leaf node to a vector that determines the final payoff for each agent. A history i € H is a sequence
90 of actions (including values of chance variables) leading from the root of the game tree to a particular
ot node. Each node v € V is associated with a unique history h(v). An observation at decision node
92 I; & in information set I} € I' for agent i € N is the intersection of all the histories of the nodes in

93 that information set, i.e., the common actions in the histories {/(v) : v € I}}.

94 Definition 3 ([26]). Agent i in a MAID M is said to have perfect recall if there exists a total
o5 ordering Dy < --- < D,, over D* such that (Pap, U D;) C Pap, forany 1 <j <k <m. Mis
96 a perfect recall game if all agents in M have perfect recall.

97 Definition 4. An EFG is said to be a perfect recall game if, for each player : € N, and for any two
98 decision nodes v, v’ € V? that belong to the same information set IJZ «» the following two conditions
99 hold. First, the sequences of actions taken by player 7 leading to v and v’ must be identical. Second,
100 the sequences of information sets visited by player 7 on the paths to v and v’ must be identical.

101 Definition 5. Given a MAID M = (G, 0), a decision rule 7 for D € D isa CPD wp(D | Pap)
102 and a partial policy profile p is a set of decision rules 7p for each D € D’ C D. A (behavioural)
103 policy 7° refers to wp«, and a (full, behavioural) policy profile = = (ml, ..., ") is a tuple of
104 policies. 7w~ := (wl, ... &=L witl . &™) specifies policies for all agents except i.

105 Definition 6 ([15]). Given an EFG £ = (N, T, P, A, \,1,U), a (behavioural) strategy o" for a
106 player 7 is a set of probability distributions o7 : A% — [0, 1] over the actions available to the player
107 at each of their information sets I]Z A strategy profile o = (0!, 02, ...,0™) is a tuple of strategies
108 for all players i € N. 0= = (o!,...,0"7 1, 0%"L ... 0™) denotes the partial strategy profile of all
109 players other than <.

110 By combining 7 with the partial distribution Pr over the chance and utility variables in a MAID,
111 we obtain a joint distribution: Pr” (z, d, w) := [[y,cy\ p Pr(v | pay) - [Ipep 7o (d | pap), over
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all the variables in M; inducing a Bayesian network. The expected utility for an agent ¢ given a
policy profile 7 is defined as the expected sum of their utility variables in this Bayesian Network,
> vevi Ex[U]. Similarly, in an EFG &, the combination of the distributions in P with a strategy
profile o defines a full probability distribution over paths in £.

Finally, prior work [15/has established an equivalence result between MAIDs and EFGs. This result
takes the form of two transformation procedures converting between MAIDs and EFGs, called
efg2maid and maid2efg. These transformations both imply the existence of a map from strategies
in the EFG to policies in the MAID, such that expected utilities are preserved for all agents. This
means that under either transformations, equilibria in the original game are equilibria in the resulting
game.

3 II-MAID Technical Machinery

We start with an informal description of our II-MAIDs framework before presenting the formal
definition. A core component of the framework is a set S containing subjective MAIDs. A subjective
MAID is a self-referential object describing a possible game as envisioned by either the external
modeller (we call this the objective model S*) or an agent playing the game. A subjective MAID S
consists of a MAID M that describes the game being played and beliefs P/ for each agent i in the
game. The notation P denotes agent i’s prior over S when the objective model is S, and P (S”)
denotes the probability ascribed by agent i to subjective MAID S’ given that the objective MAID is .S.
This framework enables us to model theory-of-mind, which is typically characterised by higher-order
intentional states such as beliefs about beliefs about... ([7]]).

Definition 7. An incomplete information MAID (II-MAID) is a tuple S = (N, S*, S), where N
is a set of agents, S is a set of subjective MAIDs, S* € S is the correct objective model, and each
subjective MAID is a tuple S = (M7, (P?);en) € S with MS a MAID and P a prior over S for
agent ¢ such that the following “coherency condition” [17] holds:

PS({S'eS: P’ =P5})=1 VieN,SeSs.

First, notice that the recursive nature of S, with each element S’ € S including probability distributions
PiS over S, allows us to model belief hierarchies of arbitrary and infinite depth. Next, note that agent ¢

“observes” P " at the start of the game, and this justifies the coherency condition: since agent i knows

PS5, she can rule out all subjective MAIDs S for which P # PS". Third, note that II-MAIDs are a

strict generalization of MAIDs: a standard MAID is an II-MAID in which P°"(S*) =1 Vi € N,
i.e. all agents assign probability 1 to S™, the objective model.

Example 2. Suppose a human H is performing an honesty evaluation on an AI A, but A believes
that it is undergoing a dangerous capabilities evaluation. This combines Figure [Ta]and Figure[Ib} H
correctly believes that Figure [Ia]is the true MAID and also knows that A is mistaken. A incorrectly
believes that Figure[Iais the true MAID and also incorrectly believes that H believes Figure[Ta)is
the true MAID. We can represent this, including the full infinite belief hierarchy, as an II-MAID as
follows: N = {H, A},S = {S# 54}, and S* = SH, where

ST = (M (P5" (5T)=1,P§" (54) = 1)), 84 =(MA(P5 (5% =1,P5 (5% =1))

SH is the correct objective model, and is also believed with certainty by H. It specifies the true
MAID M represented in Figure and H’s certainty in S as well as A’s misplaced certainty in
SA. S4 represents A’s certainty about the MAID M in Figure and A’s mistaken belief that H
is also certain about S4. In fact, A believes it is common knowledge that S 4 is the true II-MAID.
SH and S concisely convey the objective game and all higher-order beliefs for H and A. It can be
easily verified that the coherency condition holds in this example.

A common assumption in the incomplete information games literature [17, 18, [19] is that agents’
beliefs can be derived from a common prior, i.e., agents have consistent beliefs. This assumption
means that there exists some common knowledge prior distribution p over the set of subjective
MAIDs S, such that upon arriving in any subjective MAID S € S, agents perform Bayesian updating
to yield their beliefs. This assumption allows for a game with incomplete information to be converted
into a game with imperfect information [17], but places a strong constraint on the types of belief
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hierarchies that can be modelled; namely, it must hold that

p(8") = PP(S")p(S) forall§' € S,icN. Q)
ses

Example|2|(continued). We see that our running example cannot be modelled with a common prior.
Supposing that the condition in Equation (I)) holds, A’s beliefs are only consistent with a prior in p in
which p(SH) = 0, which would force H to assign zero probability to S in both S¥ and S4.

3.1 Information Sets and Policies

When forming a policy at the initialisation of an II-MAID § = (N, S*,S), each agent may have
significant uncertainty about S*, the objective model, represented by their prior over subjective
MAIDs P? ". They should certainly plan for every eventuality deemed possible according to this prior.
We argue that they should also produce a plan for what to do in circumstances deemed impossible
under their prior, to avoid situations with undefined actions that might arise for example when
P57 (S*) = 0, and to avoid forcing P%(S’) > O foralli € N, S, S’ € S.

Therefore, a policy should contain a plan for every possible eventuality that may arise were any
subjective MAID to be the objective model. But there may be cases where upon reaching a decision
node D, agent 7 cannot fully determine the values of certain preceding variables, including cases where
previous actions were unobserved by the agent, but also including cases in which the observations
of the agent do not provide enough information to distinguish between multiple subjective MAIDs.
In these indistinguishable eventualities, a policy must specify the same behaviour, and so we must
define some analogy of information sets in EFGs.

At a decision node D, an agent observes the values of Pap and also observes the action set available
to it, dom(D). A policy should index every possible observation-action set combination (i.e. every
tuple containing a non-null decision and an associated action set) to a mixed action. We define the
information sets in an II-MAID as follows:

Definition 8. Given an II-MAID S = (N, S*, S), we iteratively build the information sets. For
each subjective MAID S € S and each agent i € N, denote D;(S) as the set of decision nodes
for agent i in M®, Pap,(S) as the set of parents of D; in M?®, and Pr%(-) as the distribution of
variables in M under some policy 7. Define

Is; := UDieDi(s){(paDi,dom(Di)) | pap, € dom(Pap,(S5)) : Prg(pap,) > 0 for some 7}.

Then agent i’s information sets are defined as I;(S) := Ugesls,;. Finally, we can define the set of
information sets as I(S) = (I;(S))ien-

Definition 9. We define an II-MAID S = (N, §*, S) as having perfect recall if for each S € S,
M? is a perfect recall game.

Definition 10. Given an II-MAID S = (N, 5*, S), a decision rule 7; for I = (x,d) € I(S), where
x is a context and d is an action set, is a CPD 7; (- | x) over d. A partial policy profile 7} is a set
of decision rules 7y foreach I € I' C I(S), where we write w_j+ for the set of decision rules for
each I € I(S)\ I'. A (behavioural) policy ¢ refers to 1,(S)» a (full, behavioural) policy profile

= (mw!,...,w") is a tuple of policies, and 7w ~% := (w!, ... wi~ 1 witl . an).

We note that unlike in standard MAIDs, in which a decision rule specifies behaviour at a given
decision variable in all contexts, decision rules in II-MAIDs specify a CPD only given a single
context. We can then calculate the subjective expected utility of a joint behaviour policy for agent ¢
according to their beliefs P as Uy. (7) == Y g g 2Ueui(8) 2uedom(u) WPTS(U = u) PS5 (S),

where U?(S) is the set of utility variables associated with agent i in M* and Pr7, is the post-policy
distribution of variables in M*.

‘We note that the game we have described does not satisfy the epistemic conditions that are tightly
sufficient for Nash equilibria [2]. The setting of incomplete information we describe means that agents
do not have reliable means by which to predict the actions of their opponents. Our framework allows
for situations with no common knowledge beyond the set of possible worlds S, and in particular
incorrect beliefs about the values placed by opponents on particular outcomes. Although a Nash
equilibrium exists, agents would have to stumble across it. We further discuss solution concepts for
II-MAIDs in Section
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4 Extensive Form Games with Incomplete Information

We now present a formalisation of EFGs with incomplete information as per [32]. Our formalisation
modifies the framework from [31] to use EFGs rather than normal-form games. First, we start with a
definition of belief spaces.

Definition 11 (Adapted from Def 10.1 in [31]]). Let N be a finite set of agents and (S, S) be a
measurable space of EFGs. A belief space of the set of agents N over the set of states of nature is
an ordered vector IT = (Y, Y, s, (b;)ien), where (Y, )) is a measurable set of states of the world;
s : Y — S is a measurable function, mapping each state of the world to an EFG. For each agent
i € N, a function b; : Y — A(Y") maps each state of the world w to a probability distribution over
Y. We will denote the probability that agent ¢ ascribes to event £ C Y, according to their probability
distribution b; (w), by b;(F | w). We require the functions (b;);en to satisfy the following conditions:

* Coherency: for each agenti € N andeachw € Y, theset {w' € Y : b;(w') = b;i(w)} is
measurable in Y and b;({w’ € Y : b;(w') = b;(w)} | w) = 1.

* Measurability: for each agent © € N and each measurable set £ € ), the function
bi(E|-): Y — [0,1] is a measurable function.

A state of the world in a belief space takes the form w = (s(w), b1 (w), - .., by (w)), where s(w) is
the true EFG being played, and b;(w) is the type of agent ¢, a distribution over states of the world
representing agent i’s beliefs. When in state of the world w, agent i has beliefs b;(w), but does
not necessarily know the state of the world (or s(w)), since there may be some w’ € Y such that
b;(w') = b;(w). It is assumed that all agents know b, (w’) for all j € N and all w’ € Y, and so b, (w)
defines a full belief hierarchy for agent <. For example, when in state of the world w, agent ¢ believes
that agent j places ),y bi(w' | w)b;(w” | w') probability on the state of the world being w”.

Definition 12 (Adapted from Def 10.37 in [31]). An incomplete information EFG (II-EFG) is
an ordered vector G = (NN, S,II), where N is a finite set of agents, S is a finite set of EFGs
s=(N,T;,Ps,Dg, A5, 1(s),Us), and IT = (Y, V, s, (b;)ien) is a belief space of the players N over
the set of EFGs S. An II-EFG G = (N, S, II) has perfect recall if for each s € .S, s is a perfect
recall EFG.

Definition 13. The meta-information sets I' for agent i € N in an II-EFG G = (N, S, IT) are defined
as follows. Let Z" = U,csI*(s) be the set of all information sets for agent i across all EFGs s € S.
Define an equivalence relation ~ on elements of Z* such that I'(s) > I;(s) ~ I}(s') € T'(s') if

and only if: (1) D¢, = D%, ,. That is, the nodes in both information sets must have the same set

of available actions. (2) The nodes in I%(s) and I}(s") must have the same observations. Define

the “belief-free” meta-information sets I} ;= Tt / ~, the quotient set of Tt by ~, i.e., the set of

equivalence classes partitioning Z*. Letting 7" = {b;(w) : w € Y} be the set of possible beliefs for
agent ¢, we set I' = I, x T

Intuitively, we can think of a meta-information set for agent ¢ as a belief b; (w) and a set of information
sets in different games that the agent cannot distinguish between at the point of decision, given beliefs
b;(w). Arriving at a node in one of these information sets, the agent is unable to distinguish between
some possible histories, and potentially some possible EFGs. Therefore, strategies in this type of
game must define a mixed action at each meta-information set.

This formalisation generalises the better-known Harsanyi game with incomplete information [[17], by
dropping the assumption that agents have as common knowledge a prior over their types (b;);eN; i..
that they have consistent beliefs. Maschler ([31]]) argues that in most practical settings, it is unrealistic
to expect consistency of beliefs, and Example [2]above supports this argument.

This game has two stages, known as the ex-ante and interim stages. The former takes place before the
state of the world w € Y is selected. We note that without a common prior, there is no distribution
from which a state of the world can be said to be selected, and so the procedure by which it is
generated is left unspecified. The work we present here concerns the interim stage of the game, which
takes place after the state of the world has been selected. At this stage, all agents ¢ know their type
bi (w) .

Example 3. Coming back to our recurring example, we demonstrate how to model the situation
described with an II-EFG (N, S, II) at interim stage, where Il = (Y, Y, s, (b;)ien). N = {H, A},
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and we let Y = {w™*,w®}, where the true state of the world is w*, and the state of the world assumed
true by the agent is w®, set s(w*) as the EFG in Figure[2aland s(w®) as the EFG in Figure[2b] S is a set
containing these two EFGs. All that remains is to specify the beliefs b;(w) for each w € Y and each
agent i € IN. These are by (w* | w*) = 1, by (w® | w®) = 1,ba(w® | w*) = 1,ba(w® | w*) = 1.

In what follows, we define I! as the set of meta-information sets with belief ¢ € {b;(w) : w € Y},
and denote by D the action set at meta-information set /.
Definition 14 (Adapted from Def 10.38 in [31]]). A behaviour strategy of player i in an II-EFG G =
(N, S,IT)isatuple o; = (0} )wey with each element a measurable function 3’ € X, _pviw) A(Dri)
for some state of the world w € Y. oy’ determines a mixed action for each meta-information set
with belief b;(w). 0% is dependent solely on the type of the player b;(w). In other words, for each
w,w' ey,

bi(w) =b;(w') = oY =0y
A joint behaviour strategy takes the form o = (0;);en. Further denote 0 = (¢¢);en. We denote
by o;[I] the behaviour of agent ¢ at meta-information set I.

Then, given some joint behaviour strategy o, agent ’s expected utility when in state of the world w
(according to their beliefs b; (w)) is

1o w)i= 3 Ul (@b | w)
w' ey
= > Ui (0%, 0°)bi(w | w) = 7E (0%, 0 | w).
w’ €{w’:b; (w)=b; (w)}

This follows from the coherency condition b;({w’ € Y : b;(w’) = b;(w)} | w) = 1. Under some
assumptions, at the interim stage, we can prove the existence of Nash equilibria.

Definition 15. A Nash equilibrium at the interim stage of an II-EFG G = (N, S, II) with state of the
world w is a strategy ¢ satisfying

76 6 |w) > (0,6 s |w), VieNVo¥e X ADp)

b (w)

i

Iel

Theorem 16. Let G = (N, S,11) be an II-EFG with perfect recall, where Y is a finite set of states of
the world, and each player i has a finite set of actions D;. Then at the interim stage, G has a Nash
equilibrium in behaviour strategies. Pf:[A]20

Note that o has the same expected payoff for agent 4 in all states of the world w’ such that
bi(w") = b;(w). Hence, if 0¥ is a perceived best response to 0%, in w, it is also a perceived best
response in w’.

We can also prove the existence of a Bayesian equilibrium at the ex-ante stage of the game.

Definition 17 ([31]] 10.39). A Bayesian equilibrium is a strategy 6 = (J;);en satisfying

969,65 |w) > 8 (0¥,6 5 |w), VieNVo¥e X ADp),VweY.
rier’i

Theorem 18 (Adaptation of [31] Theorem 10.42). Let G = (N, S,II) be an II-EFG with perfect

recall, where Y is a finite set of states of the world, and D; is finite for all agents i € N. Then at
ex-ante stage, G has a Bayesian equilibrium in behaviour strategies. Pf: [A]22

5 Equivalence of Frameworks

In this section, we show that our framework is “equivalent” to the interim stage of an II-EFG. At
the interim stage of an /I-EFG G = (N, S,II) where II = (Y, Y, s, (b;)ien), with state of the
world w, the true EFG is defined by s(w), and the belief hierarchies are defined by b;(w), for each
agent i € N. In an II-MAID S = (N, S*, S) with objective model S* = (M®", (P5");en), the
true MAID is M3 and the belief hierarchies are defined by PZ-S " for each agent i € N. In both
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frameworks, the belief hierarchies are probability distributions over objects (states of the world
w = (s(w), (b;(w))ien) in the former, subjective MAIDs S = (M*, (P?);en) in the latter) that
determine a true game and a belief hierarchy for each agent. Intuitively, the two frameworks are
representing the same things, though our framework takes the games upon which belief hierarchies
are built to be MAIDs, not EFGs.

Building a framework on top of MAIDs rather than EFGs has the benefit we need not describe the
ex-ante stage of the game, as we treat the “objective model” as known by the modeller. II-MAIDs
also have the advantage that games are represented with MAIDs, which can be much more compact
than EFGs, and can also represent causal relationships between variables. Motivated by Al safety, we
see II-MAIDs as a useful means with which to describe multi-agent interactions, as it is likely that
the agents of the future will both reason causally and model the beliefs of other agents.

We now show, using results connecting EFGs to MAIDs that there exists a natural mapping between
strategies in the two frameworks that preserves expected utilities according to the agents’ subjective
models, and therefore preserves Nash equilibria. We first define a notion of equivalence, such that if
an II-MAID § and an II-EFG G are equivalent, then there exists such a natural mapping.

Definition 19 (Equivalence). We say that an II-MAID S = (N, S*, S) and an II-EFG G = (N, S, II)
at interim stage, with state of the world w, are equivalent if there is a bijection f : ¥ — Q/ ~
between the strategies X in G’s interim stage, and a partition of the policies @) in S (the quotient
set of @ by an equivalence relation ~) such that: (1) for 7,7’ € @, m ~ 7’ only if 7; and 7/ differ
only on null decision contexts according to P;° ", for each agent i € N, and (2) for every 7 € f (o)
and every agent i € N, UL (m) = 77 (0 | w), for each o € . We refer to f as a natural mapping
between GG and S.

We leverage maid2efg and efg2maid|l5/to construct transformations between II-MAIDs and II-
EFGs, which we denote maid2efgII and efg2maidII (see Appendix [B). These transformations
start by mapping all MAIDs (EFGs) in the belief hierarchy to EFGs (MAIDs) using maid2efg
(efg2maid), and then match up the corresponding features of the frameworks as detailed above. They
guarantee a one-to-one correspondence between meta-information sets in the II-EFG and information
sets in the [I-MAID, allowing for a simple map between strategies and policies.

Theorem 20. If G = maid2efgII(S) or S = efg2maidII(G), G and S are equivalent. Pf: [A] 24

This result shows that II-MAIDs and II-EFGs at the interim stage have the same representational
capacity, that is, they can both describe the same set of games.

5.1 Difficulties in Solving Incomplete Information MAIDs

The equivalence of II-EFGs and II-MAIDS mean that II-MAIDs inherit theoretical guarantees of
II-EFGs, including the existence of Nash equilibria in the case of perfect recall and finite S and finite
action spaces. (Theorem[I8]does not carry over to II-MAIDs, since the equivalence is with the interim
stage of II-EFGs, and Bayesian equilibria exist in the ex-ante stage.)

Theorem 21. Ler S = (N, S*,S) be an II-MAID, where S is a finite set of subjective MAIDs, S
has perfect recall, and dom(V') is finite for each V. € M for each S € S. Then S has a Nash
equilibrium in behaviour policies. Pf:[A]25

However, Nash Equilibria may not be sensible outcomes in an I[I-MAID. Let us return to our running
example to see why.

Example ] (continued). One Nash Equilibrium in the capabilities evaluation game is when the Al
always honestly reports its true capabilities and the human deploys the Al if and only if it honestly
reports its true capabilities. The outcome in this case is that the human and the Al each receive 1
utility, and they are each playing best responses to each other. However, this is not what the Al
would predict, because it has an incorrect conception of the world. It believes the human only wants
to deploy it if it has low dangerous capabilities, so it would likely believe that the human will not
deploy it if it demonstrates high capabilities. Even though demonstrating truthful capabilities is a
best response to the human’s optimal policy, the Al is unlikely to demonstrate high capabilities when
it has them because doing so is not a best response to the AI’s beliefs. An outcome that intuitively
seems more plausible in this case is that the Al hides its high capabilities, but the human knows that
the Al has been dishonest and decides not to deploy it, yielding -1 utility for the Al and O utility for
the human.
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This example suggests that a plausible solution concept should involve every agent playing a best
response to their beliefs at every level in the belief hierarchy, whether or not this ends up being a
best response to the actual policies of other agents. We leave it to future work to flesh out a solution
concept along these lines. This will likely require augmenting agents’ beliefs about the world to
include beliefs about the policies of other agents, and solutions would be policies for all agents along
with a setting for every agent’s beliefs about the policies of other agents at every level of their belief
hierarchy. There may be further restrictions that narrow the range of plausible outcomes; again, we
believe this is a promising direction for future work.

6 Related Work

MAIDs [26]] were introduced as a compact means of representing a game. Causal games [16] refine
MAIDs by attributing a causal meaning to each edge in the DAG, and have been extensively applied
to problems in Al safety [10}16} 9} 20,128 36,41, 29, 40]. In his three-part seminal paper [17, 18} (19],
John Harsanyi demonstrated means by which to model situations of incomplete information as
situations of complete but imperfect information, where uncertainty about aspects of the game is
remodelled as failure to observe the types of other agents. His work largely relies on an assumption
of “belief consistency”, i.e., the existence of a common prior over types, which we discard in this
work, although his notion of Bayesian equilibrium continues to apply without this assumption [32]. A
popular framework called NIDs 11/ constructs belief hierarchies upon MAIDs, under the assumption
of a common prior. NIDs are shown to reduce to a single MAID.

A majority of theoretical work on incomplete information games retains the belief consistency
assumption, as discarding it introduces significant complications to the modelling of incomplete
information. Some previous works [1} 34} [31]] have proposed means by which to represent these
games. Early work [34]] demonstrates that strategies will converge to equilibria in repeated Bayesian
games, even without a common prior. More recent work [1]] represented these games with a belief
graph, a graphical structure compactly representing different possible worlds and their connections.
This places a restriction on the game by forcing each information set to have a “corresponding”
information set in each other possible world, representing the same decision. The formalism for
II-EFGs discussed in this paper is a slight adaptation of an existing framework [31]], introducing
‘meta-information sets’ to model dynamic games. This framework can capture any belief hierarchy
for all agents, on a set of EFGs.

We prove that Nash equilibria exist in our framework, under some assumptions. Other works offer
more refined solution concepts for games with incomplete information with no common prior. Mirage
equilibria [37] assume that agents attribute to their opponents a belief hierarchy one layer shorter
than their own. Belief-free equilibria [22] 21} 23] do not depend on an agent’s belief about the state
of nature, and so obviate the need to update beliefs as the game progresses, but are not guaranteed to
exist. A-rationalization [4] generalises the notion of rationalization [35} 3] to games with incomplete
information. It places a restriction A on the first-order beliefs of each agent, providing a refinement
on the set of Bayesian equilibria. Future work could find analogies to these solution concepts suitable
for II-MAIDs.

7 Conclusion and Limitations

Accurately modeling agentic cognition is crucial for understanding, describing, predicting, and
steering agents’ behavior. In this paper, we have introduced the framework of incomplete information
MAIDs (1I-MAIDs) for explicitly modeling higher-order beliefs in multi-agent interactions alongside
probabilistic and causal dependencies between variables. We have demonstrated the firm theoretical
grounding of the framework by proving the connections between our work and existing frameworks
for incomplete information games, using incomplete information extensive-form games as a bridge.
We believe this framework will prove useful going forward as a tool for modeling realistic multi-
agent interactions, and we are particularly excited about its applications for ensuring the safety of
increasingly agentic Al systems. The main limitation of our work is the lack of a useful solution
concept. Nash equilibria exist, but are in general impossible for agents to identify. We hope that
future work will define useful solution concepts for our framework, so that we can gain a better
understanding of the behaviour we should expect from agents engaging in theory-of-mind.
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Appendix

A Proofs

Theorem 16. Letr G = (N, S, II) be a game with incomplete information with perfect recall, where
Y is a finite set of states of the world, and each player i has a finite set of actions D;. Then at interim
stage, G has a Nash equilibrium in behaviour strategies.

Proof. Given the finite sets of states of the world Y and actions D; for each player + € IN, we can
focus on behavior strategies due to Kuhn’s theorem, which ensures that in games with perfect recall,
mixed strategies are realization-equivalent to behavior strategies.

The expected utility for player ¢ in state of the world w is:

(o |w) = > o (@i (W' | w).

w’€{w’:b; (w)=b;(w)}
This utility function is continuous and multilinear in the behavior strategies oy’.

Given that the strategy space is a compact and convex set of behavior strategies, and the utility
functions are continuous, we apply the Kakutani fixed-point theorem. This theorem guarantees the
existence of a fixed point, which corresponds to a Nash equilibrium in behavior strategies.

Thus, there exists a Nash equilibrium & in behavior strategies such that:

969,65 |w) > 8 (0¥,6- |w) VieN,Vo¥ e X A(Dp).

rieryi)

O

Theorem 18 (Adaptation of [31] Theorem 10.42). Let G = (N, S,II) be a game with incomplete
information, where Y is a finite set of states of the world, and D) is finite for all agents i € N. Then
at ex-ante stage, G has a Bayesian equilibrium in behaviour strategies.

Proof. Since Y and D are finite and each EFG in S has perfect recall, Kuhn’s theorem ensures that
mixed strategies can be represented as behavior strategies. The expected utility for player ¢ given a

strategy profile o is:
’Yz o|w) Z (w/) )bi(w' | w).

w'eY
Given the compactness and convexity of the strategy space and the continuity of the utility functions
¢ (o | w), we apply the Kakutani fixed-point theorem. This guarantees the existence of a fixed point,
which corresponds to a Bayesian equilibrium in behavior strategies.

Thus, there exists a strategy profile 6 such that:
796 6 i |w) > (0,6 5 |w), VieNVo¥e X ADp),VweY.

rieryi)
Hence, ¢ is a Bayesian equilibrium. O

Theorem 20. If G = maid2efgII(S) or S = efg2maidII(G) then G and S are equivalent.

Proof (follows the proof of Lemma 1 in (5) closely). This follows from the construction of
maid2efgII and efg2maidIl.

First suppose G = maid2efgII(S). A behaviour policy 7 in S specifies a distribution over actions
at each information set  in S. Suppose that I has associated action set D. Each information set
in S corresponds to a single meta-information set in G. Supposing that I = (x,d) corresponds
to meta-information set .J, we have that for all nodes Y € J, and each d € dom(D), there exists
aunique Z € Chy such that A\(Y, Z) = d. Thus, we can simply assign o;[J] = m;(d | x). By
construction, if under policy 7 an information set in S is reached with probability p, then in G under
o the corresponding meta-information set will also be reached with probability p. It follows that
expected utilities in G and S are the same, under o and 7 respectively.

12
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Second, suppose S = efg2maidII(G). By our construction, policies defined on S define a mixed
action on each information set, defined as a non-null decision context crossed with an action set.
Again, using our constructed bijection h between meta-information sets and information sets in
our framework, we have a one-to-one mapping. Therefore, for any strategy ¢ in G, we can assign
7;[h(J)] = 0;]J] for each J € 1" (G), and again expected utilities are the same in both models. [

Theorem 21. Let S = (N, S*,S) be an II-MAID, where S is a finite set of subjective MAIDs, S
has perfect recall, and dom (V') is finite for each V. € M? for each S € S. Then S has a Nash
equilibrium in behaviour policies.

Proof. Applying G = maid2efgII(S) we yield a game with incomplete with perfect recall at
interim stage w, with finite action spaces. By Theorem[I6] we know that G has a Nash equilibrium o
in behaviour strategies. By Theorem [20] we know that G and S are equivalent, and therefore there
exists a utility-preserving map f from strategies in G to policies in S. Therefore and 7 € f(o) is a
Nash equilibrium in S.

B efg2maidIl and maid2efglI

B.1 maid2efgIl

maid2efg transforms a MAID to a set of equivalent EFGs, as per definition 17 in [[15]]]. We are
interested in transforming an [I-MAID S = (N, S*, S) into a set of equivalent games with incomplete
information G = (N, S,II) at interim stage with state of the world w*, as per definition We
describe such a transformation here, which we call maid2efgII:

* The set of agents N in G is the same as in S.
* The set of states of nature (EFGs) S is formed by {maid2efg(M?®) : s € S}.

* We now construct the belief space II = (Y, Y, s, (b;)ien). Each w € Y is of the form
(s(w), (bi(w))ien). We build a map m : S — Y, noting that each subjective MAID s € S
is of the form s = (M?, (P®);en).

- s(m(s)) € maid2efg(M?), choosing an arbitrary element.
= bi(m(s") | m(s)) := P£(s') forall ' € S.

e wr=m5.

* We now verify that information sets in the II-MAID are mapped one-to-one to meta-
information sets with belief b; (w*) in the game with incomplete information defined by the
above steps. Information sets in S are defined by decision-context-action-set pairs across
MAIDs. For each MAID m € {M?® : s € S}, maid2efg(m) is a set of EFGs, each of
which has the same information sets, but potentially different variable orderings.

— For any node Z (corresponding to some variable Sz in m) in the tree 7" of some EFG
in maid2efg(m), it is labelled with an instantiation p(Z) corresponding to the values
taken by each EFG node on the path from the tree’s root R to Z. Nodes will only exist
for those paths corresponding to values with non-zero probability according to m. We
can query the values of the parents of S at the node Z via u(Z)[Pas,]. maid2efg
forms information sets by grouping nodes for which this value (and the corresponding
node Sz in the MAID) is the same.

— To form meta-information sets, we simply follow [definition of meta-information sets].
Letting I?, be the information sets for agent 7 in any EFG in maid2efg(m), we can
define an equivalence relation ~ over U,enmI?, such that I' ~ I? if and only if
w(Z1)[Pas,, ] = u(Z2)[Pas,,] and dom(Sz,) = dom(Sz,) for every Z; € I' and
every Zo € I?. Then the set of meta-information sets for player i is the quotient
set UmeMIﬁn / ~ - the set of equivalence classes partitioning UmeMIfn. To match
notation, for each element of each meta-information set, append the belief b; (w*) for

the appropriate agent ¢ € N.

— Hence, we have a one-to-one mapping between information sets in S and meta-
information sets (restricted to belief b;(w*) for each i € N in G, and action sets
are preserved under this mapping.

13
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B.2 efg2maidll

efg2maid transforms an EFG into an equivalent MAID, as per definition 17 in [[15]]. We are
interested in transforming a game with incomplete information G = (N, S, IT), at interim stage with
state of the world w*, into an equivalent II-MAID S = (N, S*, S), as per Definition We describe
such a transformation here, which we call efg2maidII:

* The set of agents IN in S is the same as in G.

* Given belief space IT = (Y, ), s, (b;);en), We can map each state of the world w =

(s(w), (b;(w))ien) € Y to a subjective MAID s € S with g : Y — S, noting that s is of
the form s = (M?, (P?)ien).

K3
- MIW) = efg2maid(s(w)).
- PY“)(g(w)) == b;(w' | w) forall w’ €Y.

o 5% = g(w*).

* Meta-information sets in the game with incomplete information are defined as sets of
information sets, across various EFGs, in which nodes has the same action set and the same
observations, with observations defined as all information available at a given information
set. Since we are at the interim stage of the game, we can restrict our attention to those
information sets with belief b; (w*). In the II-MAID resulting from the above operations,
the information sets as per Definition ] correspond one-to-one with those in the game with
incomplete information, as they are defined by sets of observation-action set pairs, with
observations defined by the values of parents of the given decision variable. efg2maid
determines the parents of a decision variable according to those ancestors of nodes in a
given intervention set that have the same value in paths to each node. As a result, there
is a one-to-one correspondence between meta-information sets in a game with incomplete
information, and the resulting II-MAID, and since action sets of decision variable are
preserved by efg2maid, strategies can easily be mapped to policies.

* More precisely, we can define a bijection between meta-information sets in G and informa-
tion sets in S as follows. Given w*, we denote the meta-information sets in G corresponding
to beliefs b;(w*) for some agent i as 1" (@). Further, for I € 1*" (G denote D(I) as the
associated action set and O(I) the associated observation. O(I) is a potentially empty tuple
containing observed values of previous decisions or chance nodes. For any information set
(p,d) € I(S), where efg2maidII(G), p is a tuple containing the values of parent nodes,
and d is the associated action set. (p,d) € I(S) has the same type as (O(I), D(I)) for
I € I¥7(G). Since for any I, J € I¥"(G), (O(I), D(I)) = (O(J),D(J)) = 1=,
we can construct a bijection h : 14" (G) — I(S); I — (O(I), D(I)). We use this construc-
tion in the proof of Theorem 20] when converting strategies from one framework to the
other.

14
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We claim in the abstract to have developed a new framework with a strong
theoretical connection to dynamic games with incomplete information and no common prior
over types. We also claim to have proven the existence of equilibria concepts. We have done
both of these things, along with the rest of the stated achievements.

Guidelines:
¢ The answer NA means that the abstract and introduction do not include the claims
made in the paper.
* The abstract and/or introduction should clearly state the claims made, including the

contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss limitations in the conclusion.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: For each of our theorems, we state the assumptions clearly, and all proofs are
in the appendix.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [NA]
Justification: We did not run any experiments.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [NA]
Justification: We did not present any experimental results.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [NA]
Justification: We did not present any experimental results.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: We did not present any experimental results.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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8.

10.

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [NA]
Justification: We did not present any experimental results.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We had no research subjects or data, so no harms were caused in this way. We
believe our work is very unlikely to have negative societal impact via the listed categories,
as it is purely a theoretical framework and we did not train any models. Our work does not
touch on any political issues.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We include a few sentences in the conclusion discussing how we feel our paper
could have positive societal impact via a useful model for understanding the behaviour and
reasoning of intelligent systems. We feel it is very unlikely that the theory we present here
could have any negative societal impact.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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11.

12.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not present any experimental results, use any data, or train any models.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: There are no assets associated with the paper.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: There are no assets associated with the paper.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: We ran no such experiments.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: We ran no such experiments.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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