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Recent proposals for the normative alignment of Al agents advocate grounding morally relevant
decisions in normative reasons, formalized using symbolic rules [4, [1]. These rules can be embedded
into agents in a way that makes their compliance verifiable. I call this approach reason alignment.
Unlike classical outcome alignment methods, which aim to ensure that an agent does the right thing,
reason alignment aspires to ensure that the agent does the right thing, in permissible ways, for the
right reasons. However, it is not feasible to enter every reason for action into a reason theory by
hand. Therefore, this paper takes a first step into automatically deducing reasons for action. For this
purpose, I introduce Causal Normative Models, a framework that extends standard causal models
with normative rules, whose antecedents contain events formulated over causal variables. Within
this framework, I identify sufficient conditions under which given normative rules entail additional
precursory rules, corresponding to causal precursors of the original reasons.

1 Introduction

Alignment Classical Al alignment methods suffer from fundamental problems. On the one hand, they
lack justification and thus authors call for a broader public justificatory basis [[7]. On the other hand,
their robustness is frequently questionable. Methods related to Reinforcement Learning from Human
Feedback (RLHF) intransparently combine instrumental demands as well as normative requirements
into one single reward signal. This method is not able to provide safety guarantees [5] and opens the
possiblilty for reward hacking. On the other side, there are alignment methods that take a hardcoded
list of deontological constraints (e.g. Anthropic’s Constitutional Al method [3]]), which might be able to
produce safety guarantees, but are not able to contextually adapt during runtime.

Several authors have recently proposed grounding Al alignment in reasons [1} 4]]. I refer to such
approaches as reason alignment. This idea parallels the reasons-first approach in (meta)ethics, which
seeks to ground the deontic status (e.g. the moral status) of an action in the normative reasons that count
in its favor [12] |6, [13]]. Analogously, reason alignment aims to constrain an Al agent by providing it
with a set of normative reasons for action, which the agent is required to follow whenever those reasons
are pertinent. This paper does not aim to defend reason alignment against competing approaches, but to
show how it can be extended in a specific way to enhance its practical applicability.

Reasons In this article, I focus on normative justifying reasons for actions, which I will, for the sake
of brevity, refer to simply as reasons. A reason is something that speaks in favor of acting in a particular
way [2]]. While there is an ongoing debate about the ontology of reasons [2], I will follow the mainstream
and take reasons to be facts, understood as states of affairs that actually obtain. This enables a useful
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2 Causal Anticipation

distinction: A fact that speaks in favor of an action @ is an actual reason for ¢, whereas a state of affairs
(or in short: state) is a potential reason for ¢ if it would count as an actual reason were it to obtain.
Unless noted otherwise, I use ‘reasons’ to mean potential reasons.

Aim of this paper There is an intuitive connection between preventing and ending undesirable states.
If a state provides reason to end it once it obtains, then we also have reason to act preventively, to keep
it from arising in the first place. To phrase it in terms of duties: if one has a duty to end something,
one likewise has an anticipatory duty to prevent its occurrence. For example, if there is a moral duty
to mitigate or remedy a certain harm, then there is likewise a moral duty to prevent that harm from
occurring. If we have a duty to rescue drowning persons, we also have a duty to prevent individuals
staggering near a river from falling into the water. Of course, such anticipatory reasons (or duties) may
be outweighed or defeated by competing ones. The point here is merely that these anticipatory reasons
exist, not that they necessarily generate an all-things-considered obligation.

Given the intuitive plausibility, the question of under which conditions such anticipatory reasons and
duties exist is an interesting one in ethicsE] It becomes even more significant in the context of reason
alignment: manually specifying every potentially relevant normative reason for action through human
oversight will often be infeasible. Hence, methods for deriving anticipatory reasons are highly valuable,
as they offer an automated means of extending a given reason theory. The following section introduces
the formal machinery needed to formulate sufficient conditions for the derivation of anticipatory reasons.

2 Towards Causal Normative Models

2.1 Causal Models

A causal model M is generally understood as a pair (S,F) consisting of a signature S and a set F of
functions. The signature S = (U,V,R) consists of

* a set of exogenous variables U,
* aset of endogenous variables V, and
* arange R, that assigns each variable in U UV the set of values it can take.

A variable is exogenous, iff its value is not determined by the other variables in the model.

The set of functions F contains a function for each endogenous variable that describes how the value
of this variable causally depends directly on the values of the other variables of the model. It is common
to note down these functions as structural equations. So e.g. instead of fy(X,U;) = 2X + U;, 1 write
Y =2X+U,.

Such causal models M = (S, F) can be evaluated with respect to a context . A context is a function
U — R(U) that assigns each exogenous variable a value. Note that the values of the exogenous variables
uniquely determine the values of the endogenous variables, so a context % describes all variable values.
We call a variable X taking on a value x an event X = x. Additionally, we consider interventions X — x
that set the value of the variable X to x, regardless of its structural equation and without effecting the
values of any ancestors of X. This allows to evaluate events with respect to a model and a context. We
use the following notation

(M, @)E[X <x]Y =y

ITo the best of my knowledge, there is little work on this question.
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to formulate that in model M and context 7, the event Y =y occurs if an intervention that sets X to x is
performedE]

2.2 Normative Rules

A normative rule is a pair (r,¢), where r is a reason for ¢. For instance, the traffic light being red can be
considered a normative reason for stopping in front of it. A corresponding rule may be (red light, @y, ).
It can be read as a conditional obligation: If the light is red, you ought to stop

In the context of causal models, we already defined events as variables taking on values. To allow
for a better integration of rules into causal models, we need to bridge the gap between events and states.
Therefore, we assume that to each event, there is a corresponding state describing the eventﬂ As an
example take a variable L with R(L) = {red,yellow,green} indicating the color of a traffic light. The
state describing the event L = red is a reason for stopping. I introduce the notation L = red o~ @y, to
denote the rule consisting of the action @, and the state describing the event L = red.

2.3 Causal Normative Models

I now combine the previous considerations into causal normative models, which are causal models that
incorporate normative rules. A causal normative model M, is a triple (S,,F,R), where the normative
signature S, = (U,V,R,¢) consists of

* a set of exogenous variables U,

* aset of endogenous variables V,

* arange R, that assigns each variable in U UV the set of values it can take, and
* aset of actions ¢.

Additionally to this signature S, and tge set of functions Z-: , a causal normative model contains a set of
rules R. Each rule p € R has the form X = ¥ o> @, where X = ¥ is a non-empty conjunction of primitive
events X| =xj A... AX, = x, and for each conjunct X; = x; it holds that X; € V and x; € R(X;). Furthermore,
the action ¢ in the consequent of the rule has to be part of the action set ¢ specified in the normative
signature (@ € ¢).

2.4 Causal Normative Graphs

For the purposes of illustration, it is quite common to depict causal models as causal graphs. In such
a graph, each endogenous variable is a node that receives incoming edges from all the endogenous
variables that feature in its structural equation. For causal normative models, I extend this representation
by adding all the actions in ¢ as nodes. The node of an action ¢ receives incoming edges from all the
endogenous variables that feature in the antecedent of a rule the action is part of. To distinguish causal
edges from edges indicating rules, I use normal edges for the former and circled edges (o—) for the latter
dependencies. We call such a graph causal normative graph.

2For a more extensive introduction into the used notation of causal models for particular events, confer to [8]]. For a more
general introduction into causal models, consider [11].

3Note that if there is normative reason for ¢, this does not imply that it is right to ¢. Reasons may be outweighed or defeated
by other reasons.

4One may be discontent with the terminology that a state describes an event. Nothing hinges on this formulation, as long as
one is willing to grant that there is a corresponding state to every event.
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2.5 Example: Dam Break

Suppose a dam upstream is showing signs of structural weakness. If it fails, the resulting flood will
endanger the lives of villagers in downstream settlements. The danger of being flooded after the bursting
of the dam is a strong reason to rescue the villagers. But arguably, the signs of structural weakness
already give reason to reinforce the dam to prevent the bursting in the first place.

Let us model this as follows: we are interested in three events, namely the dam showing signs of
structural weakness, the dam bursting and the villagers being in danger of being flooded. We model
these events via three binary variables W, B and D that take on value 1 if the corresponding event occurs
and O otherwise. Whether W =1 occurs depends on factors, which we do not observe. This leads to
the structural equation W := Uy, where Uy is an exogenous variable modeling unobserved factors. The
occurrence of B =1 is causally influenced by W as well as by other unobserved factors, so we model the
structural equation for B as B := W A Ug, where U models unobserved causal (and non-counfounding)
factors. The villagers are in direct danger of flooding if the dam breaks, so we use the structural equation
D:=B.

There are two actions relevant, namely to save the villagers (@s) and to reinforce the dam (¢g). In
case the villagers are in danger of being flooded, the reason for rescuing the villagers becomes pertinent.
This is encoded as the rule p; : D = 1 o> @5. The dam showing signs of structural weakness in turn is a
normative reason to reinforce the dam, which is encoded as p, =W =1 o~ @g. In conclusion, we model
the given scenario as

e U= {Uw,UB}
V ={W,B,D}
VX eUUV.R(X)={0,1}

* 0 ={or, v}

o F={fw, s}, with fiy (U,) = Uy and fg(W,Up) = max(W,Up)

* R={p1,p2}, withp;:D=10>¢@gand pr: W =10 @
For the causal normative graph of this model, confer to Figure[I] Although p; and p; are two separate
rules with two different reasons, it appears that p, somehow follows from p;: the structural weakness

of the bridge gives us reason to repair the dam, because the structural weakness causes the dam to break
and thereby endanger the villagers in the future.

Or Qs

w

B

D

Figure 1: The causal normative graph of the dam break example

3 Causal Anticipatory Reasons

We now have the formal tools to discuss the main question of this article: under which conditions is it
the case that normative rules imply causal anticipatory rules?
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3.1 Terminology

If an event C = c is a cause of E = e, then we call the state describing C = ¢ a causal precursor of the state
describing E =e.

For the sake of readability and conciseness, we will in the following speak of reasons as if they
were events, rather than always referring to the states that describe those events. Accordingly, we will
sometimes speak as though reasons themselves stand in causal relations to one another, even though,
strictly speaking, it is the events described by the states underlying the reasons that bear these causal
relations.

In the framework of causal normative models, we speak of an action ¢ as reasonable if there is an
event that actually occurs and is a reason for .

3.2 Sufficient Conditions

I will now present three conditions which, in conjunction, are sufficient to identify a causal anticipatory
rule from a given rule. Afterwards, we will elaborate on each condition and discuss methods for their
operationalization.

Definition 1 (Causal Anticipation) Given a particular causal normative Model M,, and two variables
C,EcV and c€R(C),ecR(E), as well as two actions Qc, Qg € ¢:
From E = e o @, it follows that C = ¢ o= @, if

1. (Actual Causation) C = c is an actual cause of E = e,
2. (Effectiveness) performing Q¢ in turn prevents E = e from occurring, and
3. (Aim at Discontinuation) Qr aims at preventing E = e from persisting.

If those condition are jointly met, then we call the state describing C = c an (causally) anticipatory reason
and the rule C = ¢ o= Q¢ an anticipatory rule.

3.2.1 Actual Causation

The first condition is that the event appealed to in the anticipatory reason must stand in an actual causal
relation to the state that grounds the anticipated reason. This condition forms the basic starting point of
the framework.

We require that the events described by the two reasons be causally connected. In particular, the
anticipatory reason must describe a cause of the reason invoked in the given rule. If the structural weak-
nesses were not actually to cause the dam break — for instance, if the dam break were not going to occur
at all, or if it were instead the result of a terrorist attack — then no conclusion could be drawn from the fact
that the dam break is a reason for saving the villagers to the claim that the structural weakness themselves
constitute a reason.

Operationalization As a concrete suggestion on how to spell out this causal dependency, one could
help oneself with the definition of actual causation Joseph Halpern gives in his book Actual Causality [8,

p. 2317

Definition 2 (Actual Causation) The non-empty conjunction of primitive events X = X is an actual
cause of the event € in the causal setting (M, ), where M = ((U,V,R),F), iff

SNote that I present the version of the definition that Halpern calls “modified version”.
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ACI. (M, #)eX =% and (M, ) Ee.

AC2. Zlgere is a subset W of V and a set of variable values X' of the variables in X such that (M, ) E
W =W and
(M, @) E[X « X' W <« W]-e.

AC3. X is minimal; there is no X' c )_f, such that X' = X' satisfies conditions ACI and AC2, where X'

e
are those values of X, that belong to the variables in X'.

Assuming, in the dam break example, that the dam break actually occurs in % if not intervened, we get
that W =1 is an actual cause of D = 1: AC1 simply demands that both W =1 and D = 1 occur. For AC2,
we choose W = @ and get (M, W) = [W < 0]-(D=1). W =1 is not a conjunction, so AC3 trivially
holds.

3.2.2 Effectiveness

For a rule E = e o @ to imply another rule C = ¢ o= @, it does not suffice that C = ¢ causes E =e. To
make sense of the idea of anticipatory reasons, the action @¢ must also be effective in preventing the
otherwise caused event E = e.

If we omit this condition then the cause would be a reason for arbitrary actions, e.g. the structural
weakness of the dam would count as a reason to go fishing, even though fishing does not help in prevent-
ing the dam break. With this condition in place, only actions that are apt to prevent the otherwise caused
effect count on that account as reasonable. After the dam showed signs of structural weakness, repairing
it will be effective to prevent the otherwise caused danger of flooding for the villagers. Therefore, the
structural weakness passes this condition to be a reason to repair the dam.

Operationalization To formalize the requirement stated in the second condition, we extend the model
with an additional binary variable, which takes the value 1 if the corresponding action is performed and
0 otherwise. If, in a context where both the actual cause occurs and the action is performed, the actual
effect does not occur, then the second condition is satisfied. One can formalize it like this:

Definition 3 (Effectiveness) Let C =c o~ @c be a rule. We say that an action @c is effective with respect
to an event E = e in a model M,, and an actual context U if, in an adequate adjusted model Mf,‘, obtained
by introducing a new binary variable A that takes the value 1 iff Q¢ is performed, it holds that

(MAR)E[C—c,A—1]-(E=e).

In the dam break-case, one could introduce an additional binary variable R, that is 1 iff the dam gets
repaired. Confer to Figure 2] for the causal normative graph of the adjusted model. Repairing the dam
plausibly prevents it from breaking, keeping the villagers safe from flooding. Hence (MR, %) = [W «
I,R < 1]-~(D=1) holds.

3.2.3 Aim at the Discontinuation

The third and final condition is that ¢ must aim at preventing the continued persistence of the state de-
scribing E = e. This condition is admittedly somewhat handwavy, but the underlying idea is straightfor-
ward. If ¢ is not directed at counteracting the persistence of E = e, then there is no basis for anticipating
and preventing the initial occurrence of E = e.
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Figure 2: The causal normative graph of the dam break example with intervention variable R. The
dashed arrow indicates that R models whether @ is performed.

To see why this condition is necessary, consider the following example. An autonomous car might
be governed by the normative rule ‘children nearby o— slow down’. Here, the action of slowing down
is clearly not intended to prevent the persistence of its reason. Slowing down does not make the chil-
dren leave the vicinity. Consequently, no anticipatory rule can be inferred from this case. Without the
third condition, however, the above rule would wrongly generate anticipatory rules instructing the car to
prevent children from ever approaching in the first place. This is clearly not correct.

Operationalization This condition can be operationalized in a similar fashion as the last condition.
We introduce an additional binary variable B that is 1, iff ¢g is performed. We then check whether B = 1
prevent the persistence of E = e. We therefore introduce another new variable E; that displays the value
of E at a later timestep and check whether the B = 1 leads to —(E; =e).

Definition 4 (Discontinuation) Let E = e o~ @ be a rule. We say that an action Qg discontinues an
event E = e in a model M,, and an actual context U if, in an adequate adjusted model M’,?’Ez, obtained
by introducing a new binary variable B that takes the value 1 iff Qg is performed and a new variable E,
that tracks the value of E to a later point in time, it holds that

(MAE2 Y e [E < e,B< 1]~(Ex=¢).

In the dam break example, this can be applied as follows: we extend M,, by a binary variable S that is 1
iff the agent saves the villagers from the flood and by another variable D, that tracks whether the villagers
are still in danger after the saving efforts of the agent. After being saved, the villagers are plausibly out
of danger. Therefore, (M2, 17) = [D < 1,8 < 1]~(D; = 1) holds, @s discontinues D, and hence the
third condition is also satisfied in the example. Confer to Figure [3|for a depiction of the relevant part of
the graph of the adjusted model.

o

Figure 3: Part of the causal normative graph of the villager example, adjusted to check the discontinua-
tion condition.
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3.3 Path to Enhanced Reason Alignment

As discussed, the three conditions are sufficient to determine, with respect to a given rule, whether a
candidate rule qualifies as an anticipatory rule. They can therefore be used to extend a set of rules R (a
reason theory) by adding all anticipatory rules that can be derived through the application of these three
conditions. That is, we can construct the extension R?, such that R contains all rules of R as well as
all rules p; for which there exists a rule p; € R such that p; is an anticipatory rule with respect to p;.

Reason alignment architectures can employ this procedure to ensure that an aligned Al system acts
in anticipation. Consider the dam-break case: if the reason theory of the system only contains the rule
p1:D =1 o> @g, the alignment mechanism becomes effective only once the dam has already failed and
the villagers are in danger of flooding. To align the AI such that it acts preventively, a corresponding
rule such as p, would normally have to be added manually. However, this is no longer necessary under
the approach developed in this paper. By extending the reason theory through its closure with respect to
Definition|[I] the anticipatory rule p, is automatically derived, compelling the Al to act in anticipation of
the dam break.

It thus suffices that the reason theory contains at least one rule at the end of a causal chain. The
corresponding anticipatory rules can then be derived automatically. This moves toward the broader
vision of reason-based Al alignment: a framework centered on a reason theory that integrates both
human-provided rules and derived, anticipatory rules learned from them.

4 Conclusion & Future Work

In this paper, I introduced causal normative models, a framework for incorporating normative rules into
causal models. This framework made it possible to articulate three conditions that are jointly sufficient
to infer an anticipatory rule from a given rule. The three conditions, Actual Causation, Effectiveness, and
Aim at Discontinuation, admit a clear operationalization. This, of course, presupposes the availability of
a causal discovery algorithm that correctly identifies the underlying causal modelEI which can then be
extended with rules and action variables.

As a starting point, I developed the three conditions within deterministic causal models. To make
these considerations practically applicable for aligning agents, one must take (epistemic) uncertainty
into account and thus work with a probabilistic notion of causality and with probabilistic causal models.
Future work should therefore examine how the proposed conditions can be extended to the probabilistic
setting. Another important direction is to explore richer conceptions of reasons. For example, in Nair and
Horty’s logic of reasons [[10], reasons are partially ordered and may be defeated, while in [1]] reasons are
assigned weights. How anticipatory reasons integrate into such frameworks remains an open question.
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