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Abstract

Explaining the decisions of agents that act over time is
harder than explaining a single classification: a different
action today changes every observation the agent receives
afterwards. We introduce trajectory counterfactuals, min-
imal edits to an observation history that would have led a
partially observable policy to a different action, and show
that finding them is NP-hard in general but tractable for
policies with finite-memory controllers. We give an any-
time search algorithm with optimality guarantees, evaluate
it on three POMDP benchmarks and a clinical decision-
support task, and report a user study in which trajectory
counterfactuals improved participants’ ability to predict
agent behaviour by 23 points over saliency-based expla-
nations.

Introduction

Autonomous agents are increasingly deployed in settings
where people need to understand why an action was
taken: a driver-assistance system that brakes, a treatment-
recommendation system that suggests a drug, a dia-
logue agent that escalates to a human. Counterfactual
explanations, which answer the question of what would
have had to be different for the outcome to change
(Wachter, Mittelstadt, and Russell 2017), are attractive be-
cause they are contrastive and actionable. Almost all
existing methods, however, target single-shot classifiers
(Mothilal, Sharma, and Tan 2020).

Sequential decision making breaks the single-shot as-
sumption in two ways. First, the policy conditions on a his-
tory, not an input vector, so the space of edits is combina-
torial in the horizon. Second, under partial observability the
agent’s belief, and therefore its action, depends on the or-
der of observations as well as their values. Our contributions
are:

e a formal definition of trajectory counterfactuals for
finite-state-controller (FSC) policies, with a cost model
that rewards sparse and temporally local edits;

¢ a hardness result and an anytime branch-and-bound
search that is exact for FSC policies and approximate
for recurrent policies;

* an empirical evaluation on standard POMDP bench-
marks and a user study measuring explanation useful-
ness.

Related Work

Counterfactual explanations

The counterfactual framework for classifiers was intro-
duced in the context of the GDPR right to explanation
(Wachter, Mittelstadt, and Russell 2017), and later work
generates diverse, feasible sets of counterfactuals for the
same input (Mothilal, Sharma, and Tan 2020). Both treat the
model as a function of a fixed-size input vector and therefore
do not apply to histories.

Explaining sequential agents

Work on explaining reinforcement-learning agents has fo-
cused on saliency over observations (Greydanus et al. 2018)
and on summarising policies through representative trajec-
tories (Amir and Amir 2018). Neither answers a contrastive
question about a specific decision, which is the gap this pa-
per addresses.

Problem Formulation

Let 7 be a policy represented by a finite-state controller with
nodes @, transition function  : @ x O — (@ and action
function ¢ : @ — A. For a history h = (o1,...,0r), the
action taken at time 7" is 1 (qr) with ¢: = n(gt—1, 0t).

Definition (trajectory counterfactual). Given a history h,
a target action o’ # 7(h) and an edit costc : O x O — R,
a trajectory counterfactual is a history A’ with w(h') = o’
that minimises

[M]=

C(h,h') =) clog, o)) + A|[{t:oe #0 |, (D)
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where the second term rewards sparsity and A > 0 trades it
against the magnitude of individual edits.

Theorem 1. Deciding whether a trajectory counterfactual
of cost at most k exists is NP-hard for general FSC poli-
cies, by reduction from shortest-common-supersequence; it
is solvable in O(T |Q||O|) time when c is uniform.



Domain Cost (ours)  Cost (baseline) Time (s)
Tiger 1.0 8.3 0.01
RockSample(7,8) 2.4 31.9 0.42
Hallway 3.1 27.6 0.87
Sepsis 4.8 40.2 2.95

Table 1: Mean counterfactual cost and wall-clock time per
query, averaged over 500 queries per domain.

cost
40 +
30 +
20

10 —l—‘ optimum

time (s)

Figure 1: Anytime profile on Sepsis: cost of the best coun-
terfactual found as a function of search time.

Method

We search over edited histories with branch and bound. The
state of the search is (¢, g, cost so far); because the con-
troller is deterministic, two partial edits that reach the same
(t,q:) are interchangeable, so the search runs over at most
T|Q]| distinct states. A lower bound on the remaining cost is
obtained from the shortest path in the controller graph from
q: to any node ¢ with ¥ (¢q) = a’, computed once per query.
The algorithm is anytime: the first feasible edit found is re-
ported immediately and improved until the bound closes.
For recurrent policies we quantise the hidden state and run
the same procedure approximately.

Experiments

Setup

We evaluate on Tiger, RockSample(7,8) and Hallway from
the POMDP literature, and on a sepsis-treatment simulator.
Policies are FSCs with || < 64 obtained by policy itera-
tion. We compare against a gradient-free edit baseline and a
saliency map.

Results

Table 1 reports cost and run time. Branch and bound finds
the optimum on every FSC benchmark within one second,
with 8—14 times lower cost than the baseline. Figure 1 shows
the anytime profile.

User study

Forty participants predicted the agent’s next action after see-
ing either a saliency map or a trajectory counterfactual. Ac-
curacy rose from 51% to 74%, and 31 of 40 participants pre-
ferred the counterfactual explanation.

Conclusion

Trajectory counterfactuals extend contrastive explanations
to agents that act over time under partial observability. The
search is exact and fast for finite-state-controller policies and
useful in practice for recurrent ones. Future work will treat
stochastic policies and explanations that edit the environ-
ment rather than the observations.
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