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e Each © is governed by a point
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e Each I1, is governed by a rationality
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NE NE
(paHD, np) € Iy < wp € 1y (paHD)

i =
® 7' € argmaxc o Eean X 4
Uel'’
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e We denote by £ (x.#) the rational outcomes
of the game, where 7 € Z(xA) it
7p € rp(Pap ) for every D € D

o For example, Z#"5(x.#) are the NEs of ./
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* Moreover, the additional mechanism
variables and their outgoing edges in
an extended MACIM also represent
causal (though potentially non-
deterministic) processes
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* |tis easy to see that we have
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M = (Z,0) where the MAID
g =(N,VUE,EU(Ey,V)ycy) has
additional exogenous variables E and

edges (E, V),y and for any z:

o Pr(e) = ||, Pr'(ey)

e The distribution Pr*(V | Pay) is
deterministic for every V€ V

e ./ is an SCM without parameters 6y,

or 6’ED
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* |n general, game-theoretic arguments are
only sufficient for telling us the (stochastic)

CPD 7p(d | pa’;), where Pa’p, = Pap\{Ep}

e How should we express this CPD using a
deterministic function and stochastic
exogenous variable?

e Our main insight:

e Without further knowledge about the
function/randomisation, it’s reasonable
to model agents as (stochastically)

choosing a decision d after seeing pa’,
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where m = |dom(Pa’p) | and

Pr(ep) = [], Pri(ep)

e One choice for a canonical structural
representation is then given by:

o Pr(el)) = n(d | pa’)
o Pr*(d | pa’f), ep) = 0(d = 6113)

* |In extended MASCIMs, we merge the
mechanism variables for D and E into

a single decision rule variable I1,
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 Query: Given an observation z, what ® Three step procedure
would be the probability of x if we had 1. For 7' € R(xM | z) update
Y « y2 Pr*(e_p(y)) < Pr*(e_p(y) | 2)
 This turns out to be a lot trickier where D(y) = {D 11, H(y)}

e The basic idea:
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Y < ye

e This turns out to be a lot trickier
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e Find the set of variables I1(y) C I
that are affected by Y <« y

e Apply a modified version of Pearl’s
three step procedure, where decision
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* Three step procedure

. For i’ € R(xAM | z) update

Pr'(e_p(y)) < Pr”'(e_D(y) | z)
where D(y) = {D 11, H(y)}

. Intervene on Y N M to find each

r € R(xAM,) such that

T_n(y) = 7_p(y) then intervene on

Y NV as normadl
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would be the probability of x if we had
Y < ye

e This turns out to be a lot trickier

e The basic idea:

e Find the set of variables I1(y) C I
that are affected by Y <« y

e Apply a modified version of Pearl’s
three step procedure, where decision

rules not in II(y) are consistent with z
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* Three step procedure

1. Forn' € RA(xAM | z) update
Pr'(e_p(y)) < Pr”'(e_D(y) | z)
where D(y) = {D 11, H(y)}

2. Intervene on Y N M to find each
r € R(xAM,) such that

T_n(y) = 7_p(y) then intervene on

Y NV as normadl

3. Return the updated distribution
Pr*(x) for each =
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with the observation z whenever I1, is not affected by Y « vy, i.e. I1, & I1(y)
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* More concretely, the answer to a counterfactual query that we return is:

{ ¢ Pr(xy | eny), e-n(y) Pr(eny) Pr'(e_py) | Z)}

(m, 7 YERXM y|Z)

e For each counterfactual-actual rational outcome (7, 7’) € R(xM, | z) where:
%(Xﬂy | Z) .— {(71', 71',) — %(X%y) X %(X% ‘ Z) . ﬂ—D(y) — /_D(y)}

e Counterfactual joint policies 7 are members of Z(x.#) such that r, is consistent

with the observation z whenever I1, is not affected by Y « vy, i.e. I1, & I1(y)

e We then sample from Pr*(epy)) according to the new joint policy

e But when we learn about e_p ) based on z we do so under the actual joint policy 7’
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e What's the problem with this?

e We can have cycles between decision
rule variables!
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e How do we find T1(y)? e What's the problem with this?

o First attempt: H(y) = 1N (Y U Dech) ® V‘/Ie an.hzre IC)’CleS between decision
ruie vdaridapies!

e Counterexample:

ﬁ

T‘Dz(ﬁ'Dl) — {FDz(ﬂDl)}

e Solution: form the condensation
ﬂDlerDl()

11
e Instead, we let H\(Y U Dech) be f

consistent with z, then recursively * We have I1, € II(y) if and only if the
compute rp(pa,) to find I1(y) rational responses for I, are invariant
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3.a) Given that the worker didn’t go to

university, what would be their wellbeing
if they had?
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if they had?

e Observe —g, set D! « g, and then
predict u!

e As {D'} N M = @ then all the

difficulties of the previous slides can
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e Part of the motivation for

infroducing these models is
that they allow for both causal

and game-theoretic reasoning

* |n earlier work [6], we study:

e Equilibrium refinements (NE

[10], SPE [15], THPE [14])

e Subgames

¢ Information and
absentmindedness [12] o
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e Dynamic strategic decision-making e
most often modelled using EFGs @

 Better for some things @ """" @

* Worse for reasoning about causality

® Other causal models capturing
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---------------
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 Better for some things @ """" @

* Worse for reasoning about causality

® Other causal models capturing
equilibria or optimisation, but no

emphasis on strategic reasoning s @ o °

® Cyclic causal models [1]

¢ Chain graphs [9] v \"._, y @

e Settable systems [17]
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Applications

® Our main interest is in making Al
systems safer, fairer, and better at
cooperating
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Applications

® Our main interest is in making Al " Original (" Influenced
systems safer, fairer, and better at  user opinions _user opinions
cooperating . Y . el ¢
Model of o Posts —>(Cl' " j
* To ensure safety, we want original opinions |~ | to show ICKS

guarantees that Al systems won't
have incentives to do bad things [4]
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Applications

® Our main interest is in making Al " Original (" Influenced
systems safer, fairer, and better at  user opinions _user opinions
cooperating . Y . %l ¢
Model of | Posts _>( Click j
* To ensure safety, we want original opinions |~ | to show ICKS

guarantees that Al systems won't
have incentives to do bad things [4]

e |f they do bad things, we want ways
to assess blame and intention [5]

* We also want to allow Al systems to
harness these notions in order to
learn to cooperate [7]
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e Being able to reason causally about
strategic interactions is important for
understanding and predicting agents
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e Being able to reason causally about
strategic interactions is important for
understanding and predicting agents

e Causality is intrinsic to incentives,
fairness, blame, intent, explanations,
threats/offers, social influence, etc.

SO Wh GII.? * Previously we had causal models without

game-theoretic concepts (and vice versa)

e Now we have both combined in (what |
claim is) a general, formal, and rich
framework that subsumes precursors

e But there’s much more to be donel
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Thanks for listening!
Any questions?

Full paper coming soon, watch this space!
Find out more: causalincentives.com
lewis.hammond@cs.ox.ac.uk
lewishammond.com
@Irhammond
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