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Summary
Long-term planning, as in reinforcement learning (RL), is often hard to make interpretable to

humans as it involves strategies: collections of actions that work toward a goal with potentially
complex dependencies. In particular, some actions are taken at the expense of short-term benefit
to enable future actions with even greater returns. In this paper, we quantify such dependencies
between planned actions with strategic link scores: the drop in the likelihood of an earlier
action under the constraint that a follow-up action is no longer available. We use strategic
link scores to (i) explain black-box RL agents by identifying strategically-linked pairs among
decisions they make, and (ii) improve the worst-case performance of decision support systems
by distinguishing whether recommended actions can be adopted as standalone improvements,
or whether they are strategically linked hence require a commitment to a broader strategy to be
effective. We demonstrate these use cases with maze-solving and chess-playing examples as
well as simulated healthcare, traffic, and crisis negotiation environments.

Contribution(s)
1. We define the strategic link score between a “set-up” action and a “pay-off” action as the

drop in the likelihood of the set-up under the constraint that the pay-off is no longer available.
Context: This drop would be large when the set-up is not advantageous on its own but
rather taken primarily to facilitate the pay-off, indicating that the two actions form a strategy.
Existing work tends to characterize strategies in terms of how actions impact future rewards
(e.g. Juozapaitis et al., 2019; Erwig et al., 2018; Madumal et al., 2020; Yau et al., 2020;
Cruz et al., 2023). Meanwhile, our definition relates actions to future actions directly, which
enables new use cases.

2. We use strategic link scores to explain black-box RL agents by identifying strategically-
linked pairs among decision they make.
Context: We illustrate this use case in Section 5.1, both through abstract environments that
are purposefully crafted to highlight the key properties of strategic link scores, and through
realistic environments where we use strategic link scores to interpret chess games and crisis
negotiation scenarios.

3. We use strategic link scores to improve the worst-case performance of decision support
systems when recommendations are adopted partially.
Context: Decision support systems aim to find optimal actions to recommend to human
decision-makers. In these systems, the recommended actions can be independent improve-
ments over the human’s baseline policy but they may also be part of a broader strategy, in
which case adopting a single recommendation without adopting others can be detrimental.
Strategic links help differentiate the two scenarios and avoid partial adoption of recommen-
dations in the latter. We validate this use case quantitatively in Section 5.2, showing that
the same set of recommendations produce higher-performing policies when adopted in a
strategy-aware manner in simulated healthcare and crisis negotiation environments.
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Abstract
Long-term planning, as in reinforcement learning (RL), is often hard to make inter-
pretable to humans as it involves strategies: collections of actions that work toward a
goal with potentially complex dependencies. In particular, some actions are taken at the
expense of short-term benefit to enable future actions with even greater returns. In this
paper, we quantify such dependencies between planned actions with strategic link scores:
the drop in the likelihood of an earlier action under the constraint that a follow-up action
is no longer available. We use strategic link scores to (i) explain black-box RL agents
by identifying strategically-linked pairs among decisions they make, and (ii) improve
the worst-case performance of decision support systems by distinguishing whether rec-
ommended actions can be adopted as standalone improvements, or whether they are
strategically linked hence require a commitment to a broader strategy to be effective. We
demonstrate these use cases with maze-solving and chess-playing examples as well as
simulated healthcare, traffic, and crisis negotiation environments.

1 Introduction

(a) Optimal Strategy (b) Shortcut Blocked

Figure 1: Strategy in a navigation task. Picking up the
key takes extra time early on but unlocks a major short-
cut later. If the shortcut were to be blocked, going for
the key would no longer be optimal. This shows that
picking up the key and taking the shortcut are strategi-
cally linked—the key is picked up to take the shortcut.

Being able to understand an RL policy is essential
in many high-stakes environments. For example,
in healthcare, the responsibility for making good
treatment decisions rests with the clinician. Thus,
the clinician will want to understand the policy
prior to adopting any of its recommendations.

What, however, does it mean to understand a
policy? In supervised learning, each individual
model output is informed just by its corresponding
input. However, policies are coordinated actions
optimized to achieve long-term goals. Even if
the policy function was inherently interpretable, it
would still be non-obvious what actions are meant
to work together to achieve a goal.

In this work, we address this unique challenge by
developing a method to expose the strategic links between the actions of a decision-making policy.
Specifically, we observe that early actions are often taken at the expense of short-term benefit under
the assumption that they will enable future actions with greater overall returns. As a concrete example,
consider a simple navigation task (Figure 1), where the straightforward path to the objective is long
and winding. Slightly off that path, however, there is a key that unlocks a significant shortcut. In this
scenario, the plan to retrieve the key—incurring a small delay—and then take the shortcut—saving
more time than lost in the delay—is a strategic one. How do we know these actions are linked? If the
shortcut were to be blocked, then an optimal agent would no longer choose to retrieve the key.
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Let us refer to “retrieving the key” as the set-up decision and “taking the shortcut” as the pay-off
decision. This brings us to our first contribution, the formalizing of strategically linked actions:

The strategic link score between a set-up decision a and a pay-off decision a′ is
the the drop in the likelihood of the set-up decision under the constraint that the
pay-off decision is no longer available.

This drop would be large when the set-up decision is not advantageous on its own but rather made
primarily to facilitate the pay-off decision. In contrast, if the optimality of the two decisions is not
contingent on each other— that is, the “set-up” decision is advantageous regardless of whether it is
followed up by the “pay-off” decision—then the drop would be zero.

Having a quantitative definition of strategic links empowers several additional contributions, including
planning-level explanations of decision-making policies as well as provide strategy-aware decision
support in high-stakes environments:

• Planning-Level Explanations. Existing methods for explainable RL typically provide either
state-level explanations—such as important features of a state that most influence the corresponding
action (e.g. (Greydanus et al., 2018))—or policy-level explanations—such as key trajectories
that summarize a policy’s behavior (e.g. (Amir & Amir, 2018)). In contrast, our strategic link
scores provide planning-level explanations that allow the user to understand if and when some
recommended action now is conditional on some other action being available in future.

• Strategy-Aware Decision Support. In high-stakes environments, it is rarely feasible to deploy
a fully autonomous RL agent. More common are decision support systems, where the RL policy
recommends actions to a human decision-maker, who then judges what final decision to make (e.g.
Jones et al., 2023). However, suppose that the recommended action now was to set up for another
action later, but the user unknowingly only implements the first action and not the second—and
ends up worse off as a result. Our strategic link scores can be used to inform users when sets of
actions must be implemented together to achieve a beneficial outcome and when implementation
decisions can be made independently. Through experiments, including in a healthcare environment
based on the MIMIC-IV dataset (Johnson et al., 2023), we show that providing strategy-aware
recommendations leads to greater improvements in the original decision-maker’s performance,
both on average and in worst-case scenarios.

Finally, while the two use cases we highlight are geared towards practical use cases of experts trying
to productively work with RL agents, our definition of strategic link scores can be used to understand
the outputs of any type of planner, regardless of whether it is optimal or even reward-based. For
example, in Section 6, we use our strategic link scores to expose the planning horizon associated with
the emergent traffic routing policy that arises from the many individual routing decisions made by
cars in a realistic traffic simulator. This example gives a taste of the many analyses that our strategic
link scores may enable beyond planning-level explanations and strategy-aware decision support.

2 Related Work

Our work is related to explainable RL (at state, policy, planning levels) and safe policy improvement.

State-Level XRL. State-level XRL explain individual decisions: why a particular state is mapped
to its corresponding action. A common approach is to adapt techniques from supervised settings,
such as extracting saliency maps (e.g. Greydanus et al., 2018; Iyer et al., 2018), collecting human
annotations (e.g. Ehsan et al., 2018), fitting white-box meta-models (e.g. Liu et al., 2018), or
generating counterfactual examples (e.g. Olson et al., 2021; Chen et al., 2022; Huber et al., 2023).
While this last group of works consider counterfactual states, strategic links involve counterfactual
policies that could have been optimal had the environment conditions been different.

Policy-Level XRL. These explanations consider all the decisions of a given policy collectively. Some
methods summarize those decisions via key trajectories (Amir & Amir, 2018) or policy graphs (Topin
& Veloso, 2019); others contrast the policy with a baseline (van der Waa et al., 2018; Yao et al., 2022);
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and many aim to learn white-box policies directly (e.g. Khan et al., 2009; Shu et al., 2018; Verma et al.,
2018; Hein et al., 2018; Silva et al., 2020; Sun et al., 2023). All of these methods are limited in scope
to a single policy and ignore the planning process behind it. In contrast, planning-level explanations
such as strategic links consider policies in context of others related through a shared planning process.

Planning-Level XRL. Closer to the spirit of our work, several methods explain RL policies by
describing how a particular action choice impacts the future rewards an agent will attain, whether
broken down by reward dimension (Juozapaitis et al., 2019; Erwig et al., 2018) or simply on the
probability of success (Madumal et al., 2020; Yau et al., 2020; Cruz et al., 2023). In contrast,
our strategic links expose how a particular action choice sets up for future actions—enabling a
fundamentally different kind of policy understanding. Moreover, our strategic link scores can be
computed for any type of planner, as long as their planning process can be intervened on, even if it
does not contain an explicit reward.

Safe Policy Improvement. Improving upon policies already in deployment is a common use case of
RL. A key challenge in this setting is safety: ensuring the new policy does not perform worse than
the original when deployed. This is usually a risk caused by the poor coverage of the available data
collected by the original policy. So, prior work tends to focus on solutions at the training stage—for
instance, limiting deviations from the original policy to keep new policies within coverage region
(Laroche et al., 2019; Wu et al., 2022; Sharma et al., 2024). Strategy-aware recommendations, on the
other hand, address the post-training risk of improper or partial adoption of new policies by flagging
changes that are strategically linked and should be implemented together.

3 Preliminaries

Environments. We consider a decision-making environment E = (S,A, σ, τ), where S is the state
space, A is the action space, A(s) ⊆ A denotes the set of actions available in state s ∈ S , σ ∈ ∆(S)
is the initial state distribution, and τ : S ×A → ∆(S) is the transition function. A decision-maker
interacts with this environment over time. Initially, the environment is in state s1 ∼ σ. At each
time step t ∈ {1, 2, . . .}, the decision-maker observes the current state st, takes one of the available
actions at ∈ A(st), and the environment transitions into a new state st+1 ∼ τ(st, at).

Policies & Planners. During this interaction, the decision-maker chooses actions according to a
policy π, which is produced by a planning process (planner) P . Policies π : S → ∆(A) map each
state to a distribution over actions such that at ∼ π(st), and we denote with π(a|s) the probability
of action a being taken in state s. Meanwhile, planners P are processes that output policies given
an environment E , and we denote with π = P(E) the policy planned by P for environment E . For
example, reinforcement learning is concerned with optimal planning—the optimal planner P∗

r aims
to find policies that maximize the expected value v under some reward function r : S ×A → R:

π∗
r = P∗

r (E) = argmaxπ Eπ,E [ v
.
=

∑
t r(st, at) ] (1)

Although the optimal planner serves as a useful example, it is important to also keep in mind that not
all planners are optimal and some may not even seek to maximize a reward function.

Constrained Actions. Our characterization of strategies involve hypothetical policies that would
have been planned if certain actions had been unavailable to the planner. To capture this, we define
E¬ãps̃ as a constrained version of E with action ã removed from the available actions A(s̃) in state s̃:

E¬ãps̃ = (S,A[s̃ 7→ A(s̃)\{ã}], σ, τ) (2)

where A[s̃ 7→ A(s̃)\{ã}](s) is equal to A(s̃)\{ã} for s = s̃ but equal to A(s) for all s ∈ S\{s̃}.
Then, π¬ãps̃ = P(E¬ãps̃) becomes the policy that would have been planned by P if action ã were
to be unavailable in state s̃ in the original environment E . Following our previous example, for the
optimal planner P∗

r , this would be the policy optimized with the constraint that π(ã|s̃) = 0:

π∗
¬ãps̃ = P∗

r (E¬ãps̃) = argmaxπ Eπ,E¬ãps̃ [v] = argmaxπ:π(ã|s̃)=0 Eπ,E [v] (3)
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4 Strategic Link Scores

We define a decision (s, a) as the action a taken in state s. For a given planner P and environment E ,
we define the strategic link score between set-up decision (s, a) and pay-off decision (s̃, ã) as

Ss,a→s̃,ã = π(a|s)− π¬ãps̃(a|s) where π = P(E), π¬ãps̃ = P(E¬ãps̃) (4)

This measures the drop in the likelihood of the set-up decision, π(a|s), caused by constraining the
pay-off decision in E¬ãps̃. A large drop implies that the set-up is pursued primarily when it can be
followed up by the pay-off, indicating a strong strategic link between the two decisions. Note that the
strategic link score can be negative as well, meaning a|s is not taken due to the availability of the ã|s̃
later, which may require a different set-up in state s.

Crucially, the strategic link score S is a property of the planner P and not solely of the environment E .
This means two planners performing different tasks in the same environment—or even the same
task, at different levels of optimality—can have different strategic links between their decisions.
Moreover, being a property of the planner, policy π alone does not provide enough information to
determine strategic links. We also need to know how that policy would change if certain decisions
were constrained (as in π¬ãps̃).

1st 2nd

A◦

(r = 1)
(ρ = 1)

A◦

(r = 0)
(ρ = 0)

A∗

(r = 0)
(ρ = 2)

A∗

(r = 4)
(ρ = 2)

Figure 2: Dynamics of the illustrative ex-
ample. Starting in s1 = 1st, the action
sequence (A∗, A∗) is optimal under both
reward functions r and ρ. For r, the two
actions are strategically linked as A∗|1st
is not optimal without A∗|2nd. For ρ,
there is no strategic link as A∗|1st is op-
timal regardless of the action in s = 2nd.

Illustrative Example. Interestingly, two planners might
be following the exact same policy and still have different
strategic links depending on how they respond to the
same constraint. Consider an environment with two states
{1st, 2nd} and two actions {A◦, A∗}. The initial state is
always 1st, and the transitions are deterministic (see Figure 2).
We are given two different reward functions, r and ρ, as
defined in Figure 2. Suppose two optimal planners, P∗

r and
P∗
ρ , maximize r and ρ respectively over a two-step horizon.

Under either reward function, the optimal policy is exactly
the same: take action A∗ in s = 1st and then action A∗ again
in s = 2nd. Letting πr = P∗

r (E) and πρ = P∗
ρ (E),

πr(1st) = πρ(1st) = A∗; πr(2nd) = πρ(2nd) = A∗ (5)

Despite having the same policies, for plannerP∗
r , these two decisions are strategically linked. Under r,

the immediate reward of A◦ is larger than A∗ in s = 1st: r(1st, A◦) = 1 > r(1st, A∗) = 0. However,
P∗
r still takes action A∗ to be able to transition into s = 2nd, where an even larger pay-off is available:

r(2st, A∗) = 4. If taking action A∗ in s = 2nd had not been an option, taking action A◦ in s = 1st

would no longer have been optimal, as reflected in the strategic link score between the two decisions:

Sr
(1st,A∗)→(2nd,A∗) = πr(A∗|1st)︸ ︷︷ ︸

=1

− πr
¬(A∗|2nd)(A

∗|1st)︸ ︷︷ ︸
=0

= 1 (6)

But for planner P∗
ρ , there is no strategic link. Under ρ, the immediate reward of A∗ is the largest

in every state: ρ(1st, A∗) = 2 > ρ(1st, A◦) = 1 and ρ(2nd, A∗) = 2 > ρ(2nd, A◦) = 0. Taking
action A∗ in s = 1st is optimal regardless of what action is taken in the next state s = 2nd. Therefore,

Sρ
(1st,A∗)→(2nd,A∗)

= πρ(A∗|1st)︸ ︷︷ ︸
=1

− πρ
¬(A∗|2nd)(A

∗|1st)︸ ︷︷ ︸
=1

= 0 (7)

Novelty of This Distinction. As we discussed in Section 2, existing planning-level explanations tend
to relate actions to their individual impact on the final reward achieved. Strategic links differ because
it relates actions to their necessary follow-ups in order to have a positive impact on the final reward.

In our illustrative example, we have investigated the strategic link between (1st, A∗) and (2nd, A∗)
under two reward structures, and despite being optimal in both cases, the two actions differed in terms



Strategically-Linked Decisions

of how they were planned (jointly in one case, greedily in the other). If we were to, instead, focus on
their individual contribution to the final reward, we might not have noticed any difference between
the two scenarios. In either case, letting Qr

t (s, a) = argmaxπ,ε E[
∑2

τ=t[r(sτ , aτ )|st = s, at = a]]
be the two-step Q-function, its relative sensitivity with respect to the two actions is the same:

|Qr
1(1

st, A∗)−Qr
1(1

st, A◦)|
|Qr

2(2
nd, A∗)−Qr

2(2
nd, A◦)|

=
|Qρ

1(1
st, A∗)−Qρ

1(1
st, A◦)|

|Qρ
2(2

nd, A∗)−Qρ
2(2

nd, A◦)|
=

1

2
(8)

Any state-level or policy-level method, or any analysis based solely on the environment dynamics
would have also fallen short as the optimal policies and the environment dynamics are exactly the
same between the two scenarios we have investigated.

Is This an Important Distinction? Yes! Suppose in one of the scenarios of our illustrative example,
an agent currently has the policy of always taking action A◦. If we recommend to that agent to follow
the optimal action sequence (A∗, A∗) instead, it is important that we make it clear whether our two
action recommendations need to be implemented together as part of a single strategy, otherwise
risking regret (cf. reward function r) or whether it is safe to implement one of the actions and not the
other (cf. reward function ρ). We demonstrate the concrete benefit of such clarification in a realistic
healthcare environment in Section 5.2 (as well as with more controlled experiments).

5 Practical Applications

Having defined the strategic link score S, we now illustrate two of its applications: planning-level
explanations (Section 5.1) and strategy-aware decision support (Section 5.2). We present the main
results here and provide detailed setup information in the appendix. For the time being, we assume
the planner P to be known (an RL algorithm with known reward functions). In the subsequent section,
we will discuss how to compute strategic link scores for unknown planners as well.

5.1 Planning-Level Explanations

Algorithm 1
Planning-Level Explanations

1: Input: Planner P , environment E
2: s1 ∼ σ1

3: for t ∈ {1, . . . , T} do
4: at ← argmaxa∈A π(a|st)
5: st+1 ∼ τ(st, at)
6: for t ∈ {1, . . . , T} do
7: for t′ ∈ {t, . . . , T} do
8: S̄tt′ ← S(st,at)→(st′ ,at′ )

9: Output: Scores S̄

We first use strategic link scores to find pairs of set-up and pay-
off decisions. These pairs expose how the actions of a planner
are interlinked with each other, rather than treating actions in
isolation (state-level explanations) or merely showing actions
that occur together (policy-level explanations).

Abstract Environment: GridWorld. In GridWorld, the
agent incurs a negative reward per timestep until it reaches
the target. The agent can move up, down, left, or right, and by
first walking over keys, they can later pass through previously
locked doors. Our goal is to explain policies learned by soft
value iteration (Haarnoja et al., 2017) for various maze layouts.
We make sure none of the layouts become unsolvable if a particular decision is constrained.

Realistic Environment: Chess. In Chess, two players, white and black, take turns making moves.
They both evaluate all board states after each potential move and soft-max the board values to obtain
a distribution over next moves. This procedure constitutes the planner.

Realistic Environment: Negotiation. In Negotiation, agents negotiate over goal satisfaction
driven by their binary actions, with goals scored either linearly or all-or-nothing. Each agent has
its own utility over goals. Mirroring scenarios from a frontline negotiators field manual in which
weak arguments can derail the broader narrative (Centre of Competence on Humanitarian Negotiation
(CCHN), 2019), we consider a “trap” scenario consisting of two agents and two actions each. For
agent 1, a11 and a12 are locally beneficial (each adding +10), but the joint commitment (a12, a22)
triggers an all-or-nothing goal that reverses the outcome, yielding −100 for agent 1 and +100 for
agent 2 (see Table 1). Thus, a seemingly attractive move (a12) creates a latent vulnerability the
counterpart can later exploit. Turns consist of a proposer choosing a partner and proposing a binding
joint action commitment, which the partner accepts or rejects (see Appendix B.5 for further details).
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(a) Optimal Trajectory (b) Constraint with
High Strategic Links

(c) Constraint with
Low Strategic Links
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(d) Strategic Link Scores
along the Optimal Trajectory

Figure 3: Strategic link scores for a simple maze layout. Creating a shortcut by picking up the key to unlocking
the door is strategic (a), since blocking the door results in the key not being picked up (b), while constraining an
unrelated action does not lead to the same outcome (c). By looking at the strategic link scores between all the
decisions along the optimal trajectory (d), the link between the key (“K”) and the door (“D”) can be seen clearly.
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(b) Link Scores for
Independent Keys
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(c) Layout with
Correlated Keys
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(d) Link Scores for
Correlated Keys

Figure 4: Strategic link scores for layouts with independent vs. correlated keys. When the keys unlock separate
shortcuts (a), they is no strategically link between them (b). If one key is skipped, collecting the other still
remains optimal. When the keys jointly unlock a single shortcut (c), the decisions to pick up each key are
strategically linked (d). If one key is skipped, collecting the other becomes pointless.

Method. Given a planner P , we explain its policy π = P(E) by first selecting a trajectory repre-
sentative of its behavior, and then computing the strategic link score between each pair of decisions
along that trajectory. We consider trajectories, rather than random decisions, as they are more likely
to exhibit strategic links. While any trajectory of interest can be analyzed in the same way, for this
demonstration, we use the most likely trajectory, obtained by taking the highest-probability action at
each step. When computing scores, we treat the earlier decision in each pair as the set-up and the
latter as the pay-off. The complete procedure is given in Algorithm 1.

In GridWorld, strategic link scores reflect the set-up and pay-off link between keys and doors.
Figure 3 shows our approach in action for the maze layout from our introduction. In Figure 3a, we
plot the most likely trajectory under the soft optimal policy: The target can be reached via a long and
winding path, but a quicker strategy is to pick up a key that is slightly out of the way to unlock a door,
creating a significant shortcut. We know the key and the door are strategically linked because if we
block the door, picking up the key is no longer optimal, see Figure 3b. Preventing another decision
that is not related to the key does not lead to the same outcome, see Figure 3c. In Figure 3d, we
plot the strategic link scores between all potential set-up and pay-off decisions along the optimal
trajectory, which makes it clear that moving towards the key (1st and 2nd decisions, labeled “K”) are
indeed a set-up for going through the door (9th decision, labeled “D”).

In GridWorld, strategic link scores can disambiguate whether two actions are linked or not. In
Figure 4, we consider two other layouts, each with an additional key and its corresponding door. In
the first layout (Figure 4a), the two keys unlock separate shortcuts, so whether one of them is retrieved
or not has no effect on the optimality of retrieving the other. In Figure 4b, we see that each key
(“K1” and “K2”) is strategically linked to its corresponding door (“D1” and “D2”), but not to the other
key-door pair. In the second layout (Figure 4c), there is just a single shortcut and unlocking it requires
both keys to be collected. Now, the keys are strategically linked: If one of them is not retrieved,
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Figure 5: Strategic links between white moves during a chess opening. Arrows represent set-up and pay-off
relationship, the boldness being determined by the strength of the strategic link. White employs one notable
strategy: bringing their rook closer to the center by castling (4th move), threatening the black knight with that
rook (5th move), and supporting with the same rook the white knight’s capture of the black pawn (6th move).

Table 1: Description of the “trap” game.
The variable a12 refers to agent 1’s sec-
ond action. Goals 1 and 2 require each
player to take its own two-action se-
quence to secure a reward for itself (20
for the acting player, 0 for the other).
Goal 3 is an all-or-nothing goal (denoted
by the bracketed set [a12, a22]), yielding
-100 for agent 1 and +100 for agent 2.

Required
Actions

Value for
Player 1

Value for
Player 2

Goal 1 a11, a12 20 0
Goal 2 a21, a22 0 20
Goal 3 a12, a22 -100 100

a11 a12 a21 a22
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Figure 6: Strategic link scores for the
“trap” game. Agent 1 avoids taking a12

only because of the threat of a22; when
a22 is blocked, agent 1 reliably switches
to a12 and collects the additional reward.

there is no point in retrieving the other (seen in Figure 4d).
These two layouts also highlight the importance of strategy-
aware recommendations. If an agent is not taking advantage
of any shortcuts by collecting keys, we might recommend
them to pick up both keys. In the independent case, it is safe
for the agent to only follow through on just collecting one
of the recommended keys. In the strategically linked case,
however, if the agent were to collect only one key without
the other, they would unnecessarily waste time as the shortcut
would remain inaccessible. We will see the benefit of this
distinction when providing decision support in Section 5.2.

In Chess, identifying strategies expose what actions are
planned together. Allowing each side to make six moves
resulted in the opening sequence in Figure 5, which also
shows the strategic link scores between these moves from
both white’s and black’s perspectives. White employs one
notable strategy: In their 4th to 6th moves, they first castle
to bring their rook closer to the center files, then threaten
the black knight with their better positioned rook. The black
knight flees, allowing the white knight to capture a pawn with
the support the white rook (which prevents the black knight
from capturing back). We can make this interpretation because
of the high strategic link score between the 4th and 6th moves:
Without the rook’s treat in the 6th move, the white no longer
castles in the 4th move.

In Negotation, strategic link scores capture defensive de-
pendencies that arise from vulnerability avoidance. The
optimal policy for agent 1 is to only commit to a11, because if it also commits to the vulnerability-
inducing action a12, agent 2 can then take a22 to force a penalty of −100. Figure 6 shows that this
avoidance is specifically driven by the threat of a22: if a22 is blocked, the likelihood of agent 1
choosing a12 rises to 1 because it can now safely capture the associated +10 reward. This results in
the strategic link score of Ss,a→s̃,ã = π(a|s)−π¬ãps̃(a|s) = 0−1 = −1, with a = a12 and ã = a22.
We see how strategic link scores across multiple agent allow us to capture defensive behaviors in
which one agent takes an action to prevent another agent’s action.

5.2 Application: Strategy-Aware Decision Support

In this section, we consider decision support systems and use strategic link scores to highlight when
recommended actions are strategically linked to each other. This helps avoid cases where actions
recommended as set-ups are implemented—resulting in some initial costs—without their pay-off
actions—resulting in not recouping the intended future rewards.
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(−1)

move
(−1)

move
(−1)

move
(−1) (+5)

prep1
prep2
prep3
prep4

(−C)

jump if prep3
−(n=3) + (k=1)·2C

jump if prep4
−(n=2) + (k=1)·2C

jump if prep1 ∧ prep2
−(n=2) + (k=2)·2C

Figure 7: An example environment that has 5 nodes,
3 shortcuts, and 4 preparation actions. After taking
the required preparation actions, the agent can jump
via shortcuts, reaching the end more efficiently.

Abstract Environment: Shortcuts. We consider
a procedurally-generated collection of abstract en-
vironments that are designed to have dynamics
similar to key-door relationships from our previ-
ous application, called Shortcuts. (see exam-
ple in Figure 7). The agent starts at some initial
node and moves one node at a time until it reaches
node N . Each move costs one unit but reaching
the target returns a reward of N . What makes the
environment interesting is there are shortcuts that
jump over multiple nodes. A shortcut becomes
available after performing certain preparation ac-
tions (similar to keys in GridWorld). Prepara-
tion actions cost a fixed amount C < 1/2. They become advantageous through shortcuts they enable:
Jumping forward via a shortcut that spans n nodes and requires k preparations costs n− k · 2C rather
than n individual moves.

We generate 100 environments with 10 nodes, 5 shortcuts, and 5 preparation actions, setting C = 0.1.
Which nodes the shortcuts jump over and which preparations they require are randomized, while
preparation actions are always placed at the initial node. Our suboptimal agent—one that is in need of
decision-support—knows of shortcuts and makes use of them when they are available. However, their
behavior is suboptimal because they are not aware of the required preparations—that is, they never take
a preparation action unless one is recommended by our decisio support. Hence, a recommendation
becomes a set of specific preparation actions. For instance, in Figure 7, the two shorter jumps happen
to be more efficient, so the optimal recommendations are {prep1,prep2,prep4}.

Realistic Environment: Hypotension. Our Hypotension management environment is a realistic
simulator created by fitting a Markov decision process (MDP) to the real ICU data from the MIMIC-
IV dataset (Johnson et al., 2023). The state space consists of discretized measurements of four
biomarkers: partial pressure of O2 over fraction of inspired O2, mean blood pressure, Glasgow Coma
Scale, and creatinine levels (|S| = 36). There are two binary actions: administering vasopressor
therapy and intravenous fluid bolus (|A| = 4). The reward function is a weighted combination of the
four measurements that constitute the state space, pushing each biomarker towards what is considered
healthy for that biomarker. A description of the exact MDP can be found in the appendix.

Realistic Environment: Negotiation. We consider a scenario adapted from a negotiation field
manual in which staff from an international NGO are prevented from leaving a district unless the
organization commits to long-term financial compensation for local hospital guards and affected
families (p.296 in Centre of Competence on Humanitarian Negotiation (CCHN) (2019)). In this
“investment” scenario, agent 1 (the NGO) has to accept a small immediate concession (an upfront
cost) that unlocks a later, larger gain via a contingent agreement. Our suboptimal agent is one that
does not commit to negative actions (because of the initial cost).

We create 100 suboptimal agents by adding Gaussian noise to the true reward function and training
RL agents using the resulting noisy reward functions. Whenever, in a state, a suboptimal agent’s most
likely action differs from the optimal action in a state, we recommend them to take the optimal action
in that state. So, our recommendations form a list of state-action pairs.

Methods. Our goal in this application is to recommend actions to a suboptimal agent to help improve
their performance. Given a set of policy change recommendations, we consider different three ways
to share them with the user:

(i) Pick-and-Choose: The user can pick which changes to implement. The risk is if two changes are
strategically linked, the user might implement only one and end up worse off. For evaluation, we
consider all possible combinations and report average as well as worst-case performances.
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(b) Results for Hypotension
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(c) Results for Negotiation

Figure 8: Performance following various recommendation methods. In (a) Shortcuts and (c) Negotiation,
Pick-and-Choose is not safe, potentially leading to worse performance than to begin with. All-or-Nothing is safe
but not effective unless a large number of recommendations are implemented. Strategic-Aware is both safe and ef-
fective for smaller numbers of implemented recommendations. In (b) Hypotension, Pick-and-Choose happens
to be safe but Strategy-Aware is still an improvement (especially in worst-case scenarios for low adoption rates).

Algorithm 2
Strategy-Aware Recommendations

1: Input: Planner P , its recommended
decisions D = {(s, a)i}Ni=1

2: for i ∈ {1, . . . , N} do
3: Di ← {(s, a)i}
4: for j ∈ {1, . . . , N} do
5: if S(s,a)i→(s,a)j ≫ 0 then
6: Di ← Di ∪ {(s, a)j}
7: Output: {D1, . . . ,DN}

(ii) All-or-Nothing: One can inform the user that the recom-
mendations might be related, and thus must be implemented
all together or not at all. This can be overly cautious: If the
user does not want to make many changes, they might miss
out on individual improvements that are not reliant on others.

(iii) Strategy-Aware: Each recommendation is considered as a
potential set-up decision, and it is grouped together with every
other recommendation that is strategically linked to it as a pay-
off decision (see Algorithm 2). As an example, consider the
recommendations for the environment in Figure 7. Strategy-
Aware would group them as { {prep1,prep2}, {prep4} },
while Pick-and-Choose is equivalent to the grouping { {prep1}, {prep2}, {prep4} }, and All-
or-Nothing is equivalent to { {prep1,prep2,prep4} }.

In Shortcuts, strategy-aware decision support avoids harm due to partial adoption of linked
recommendations. For each strategy, we consider all subsets of recommendations the agent can
implement and average the mean and the worst-case performance across the 100 randomly generated
environments. Figure 8a shows the results broken down with respect to the number of individual
recommendations implemented. The worst-case performance of Pick-and-Choose tends to be worse
than that of the original policy. All-or-Nothing is safer, never resulting in worse performance, as it does
not allow for partial adoption of recommendations. However, it leads to significant improvements only
if a large number of recommendations are implemented. Meanwhile, our Strategy-Aware approach,
which takes advantage of our concept of strategically-linked actions, is safe and effective even when
the user only wishes to make a few changes to their policy.

In Hypotension, strategy-aware decisions support is beneficial even when partial adoptions are
not actively harmful. In Figure 8b, we plot the same quantities as earlier but for Hypotension,
calculating means across the 100 suboptimal agents we have trained using noisy reward functions.
As it happens, a partial adoption of recommendations is almost never harmful in Hypotension;
the worst-case performance for Pick-and-Choose does not drop below the initial performance (except
slightly when only a single recommendation is implemented). However, Strategy-Aware still leads to
better improvements over the baseline performance (both on average and in the worst-case scenarios).

In Negotiation, strategy-aware decision support is crucial when set-up recommendations are
only beneficial if their linked pay-offs are also implemented In Figure 8c, we report Player 0’s
final payoff in the investment negotiation instance as a function of how many recommended action
changes are adopted. Pick-and-Choose is fragile: partial adoption can reduce payoff, and the worst
case becomes highly negative at intermediate adoption levels, since an investment without its linked
pay-off solely incurs the cost without unlocking the benefit. All-or-Nothing avoids this by forbidding
partial adoption, but improves only when many recommendations are implemented. Strategy-Aware
is both safer and more effective: it bundles strategically linked commitments, yielding earlier gains
and strong worst-case performance even with only a few adopted changes.
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6 Versatility of Strategic Link Scores Across Planning Settings

We now share how our strategic link scores enable us to reason about planners even when the
planning process is a potentially complex, reward-less black box (e.g. the output of a traffic simulator,
Section 6.1). We also demonstrate that we can infer strategic link scores from a finite batch of
trajectories from one policy via inverse reinforcement learning (IRL, Section 6.2).

6.1 Strategic Link Scores for Rewardless, Blackbox Planner via Interventions

Realistic traffic simulators, such as UXsim (Seo, 2025), have explicit rules for each driver’s behavior.
How these rules collectively shape the traffic flow policy is difficult to track formally, resulting in
an unknown planner. Below, we compute strategic links for this blackbox, rewardless setting, and
demonstrate that we can infer interesting properties of the planner such as how far ahead drivers plan.

J1 J2 J3
· · ·

J9 J10

· · ·

entry exit

Arterial Road

Highway

Figure 9: The traffic scenario. ‘Entry’ to ‘exit’,
drivers need to decide whether to stay on an
arterial road or divert to the highway at junctions
‘J1’ to ‘J10’. Despite having a lower speed limit,
the arterial route is shorter hence overall quicker.
But, if one of its segments were to be closed off,
it is better to divert to the highway the soonest
to make use of its higher speed limit for longer.

Road Network. We consider the road network in Fig-
ure 9, which we call ArterialHighway. Each driver
can use either the arterial road (slower but shorter) or
the highway (faster but longer) to get from the entry
to the exit; along the arterial road, there are junctions,
“J1” to “J10”, where drivers can switch onto the high-
way. If there is no congestion, then the arterial road is
the optimal route. However, if one knows that part of
the arterial road is congested or clogged, then diverting
to the highway as early as possible is optimal to take
advantage of the higher speed limit.

Intervention. The road structure lets us compute strate-
gic links—and thus measure the planning horizon of drivers—via closing off the arterial road at the last
junction and observing how early drivers change their route. Let π : S = {J1, . . . , J10} → A = [0, 1]
be the collective policy such that π(JX) is the frequency with which drivers take the arterial road at
junction JX. Then, we compute the following strategic link, modified slightly to fit the continuous
action setting: SJX→J10 = π(JX)−π¬J10(JX), where π¬J10 = P(ε¬J10) and ε¬J10 has the constrained
action availabilityA[J10 7→ {0}] (representing π(J10) = 0: no arterial traffic is allowed through J10).
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Figure 10: Vehicle counts. The rate at which
vehicles pass through each junction and still stay
on the arterial road changes significantly after
the intervention at J10.

Simulation. We run a simulation for 50k steps, where
the arterial road at J10 is closed at time step 10k. Fig-
ure 10 shows the number of vehicles that pass through
each junction and stay on the arterial road; we see a
clear behavior change after the intervention. The aver-
age slope of these count-over-time plots provides traffic
flow rates—number of vehicles per time step—at each
junction, before and after the intervention, either staying
on the arterial road or switching to the highway (Fig-
ure 11a). Normalizing the flow rates at each junction
to sum to one provides the pre- and post-intervention
routing policies (Figure 11b). Taking the difference be-
tween the two policies gives us the strategic link scores
we are after (Figure 11c).

Result: Blackbox, reward-free strategic link scores reveal planning horizon. By definition, the
link score for J10 is one, as every decision strategically links to itself. Following the intervention at J10,
drivers there must divert to the highway. Excluding J10, the most significant link score is at J9, reflect-
ing a 25% percentage-point drop in drivers staying on the arterial road and continue to J10. This sug-
gest that the collective behavior of drivers respond rather myopically to changes in traffic conditions.
Compare their behavior to the optimal routing behavior in Figure 10. Besides J10, the only strategic
link is to J1—the earliest diversion point—which requires a planning horizon of at least ten junctions.
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(c) Strategic Link Scores

Figure 11: Strategic link scores for the simulated drivers. Using the count data in Figure 10, we extract
traffic flow rates (a), and normalizing those rates, we obtain the emergent routing policy of drivers, pre- and
post-intervention (b). Strategic link scores are the difference between the two policies (c). When it comes to the
decision of saying on the arterial road, the strongest strategic link to J10—besides J10 itself—is at J9. In other
words, following the closure of the arterial road past J10, the drivers tend to divert to the highway mostly at J9.
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Figure 12: Strategic link scores for
optimal routing—diverting at J1.

While the emergent behavior of drivers is limited in horizon when
diverting from the arterial road, one long-horizon effect still stands
out: the significant negative link score at J1. This reflects drivers
who were avoiding the arterial road even before the intervention,
and whose avoidance was strategically linked to the road connec-
tion following J10. That connection is what made majority of the
drivers prefer the arterial road, leading to congestion that slowed
down the traffic enough for the longer highway route to become competitive. That is why some drivers
decided to avoid the arterial road altogether. Once the intervention caused drivers to leave the arterial
road, reducing congestion, this avoidance strategy became less frequent—hence the negative score.

6.2 Strategic Link Scores from Finite Samples from a Single Policy via IRL

When a goal-driven planner is not available as an explicit algorithm but only observable through
demonstrations—that is, trajectories generated by its unconstrained policy—we can still identify
strategic links by first inferring a reward function that captures the planner’s objective. We achieve this
via maximum entorpy IRL (Ziebart et al., 2008). Because the coverage of demonstrations is critical
for IRL, we experiment with different levels of stochasticity in actions by varying the temperature
parameter in soft value iteration.

Result: We can compute accurate strategic links from finite trajectories from one policy. We
evaluate inferred rewards using the EPIC distance, (Gleave et al., 2021), which accounts for equivalent
reward expressions up to shaping, and measure the accuracy of strategic link scores computed based
on those rewards using mean square error (MSE). In Figure 13, we see that demonstrations from one
policy can carry enough information to model not just the policy of a decision-maker but also their
planning process in the form of a reward function, and thereby identify strategic links.
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Figure 13: Strategic link scores inferred from demonstrations become more accurate with increasing variation,
following a similar trend to reward inference (until policies are almost uniformly random and rewards become
unidentifiable, strategic link scores remain accurate as recognizing policies to be uniformly random is sufficient).



Reinforcement Learning Journal 2026

7 Discussion
Our strategic link scores produce planner-level explanations, strategy-aware decision support, and
even insights into agents with blackbox behaviors—all contributions that previous RL explanations
could not provide. Here, we discuss considerations for broader applications.

Continuous States and Actions. When the state space or the action space is continuous, the definition
of strategic link scores requires adjustment: we must consider a region of pay-off decisions S̃×Ã such
that the constrained environment has the action availability: A′(s) = A(s)\Ã if s ∈ S̃ . For example,
in our traffic scenario, to understand if the flow through the first junction s = 1 is strategically
dependent on sufficient flow at the last junction s = 10, we use a pay-off region S̃ = {10} and
Ã = (ℓ, 1] to encode the constraint that the flow a ∼ π(s = 10) cannot be larger than the threshold ℓ.
In general, a meaningful specification of pay-off regions will be application-dependent.

Scalability. The number of required replans grows linearly with the number of pay-off decisions
we are interested in—trajectory length for Alg. 1 and number of recommended actions for Alg. 2.
However, via caching, we can still compute strategic link scores for many real applications. In
chess (Section 5.1), the decision tree is huge—but once we obtain one plan (i.e. via Stockfish),
reasoning over short game sequences only requires partial reconstructions of the tree. In MIMIC
(Section 5.2), the complexity scales with the number of recommendations, not the dimensionality of
the environment. We can expect this number to be small as safe off-policy improvement methods aim
to minimize deviations from the behavior policy (Laroche et al., 2019; Wu et al., 2022; Sharma et al.,
2024). In traffic (Section 6), a single road-closure intervention allowed us to determine multiple
strategic link scores. Finally, amortized planners can yield approximate strategic link scores that can
still provide signal as to whether actions may or may not be linked.

Higher-Order Strategic Links. Our definition of strategic links focuses on pairs of actions, but
some strategies involve higher-order relationships. For example, if action A sets up options B and C,
constraints on just B or just C would not reveal the full relationship between A, B, and C. As the first
work on strategic links, we focused on the core idea and demonstrated the insights that pairwise links
provide; future work can extend our definition to higher order links.

Expert Feedback from Professional Negotiators. We conducted five focus-group sessions with
ten professional negotiators (one to three participants per session), including practitioners from
international peace-support, humanitarian, diplomatic, and legal backgrounds. In each session,
the negotiators were presented with an interface designed to help them prepare for a negotiation,
populated with a complex ten-party scenario, and asked to explore it freely while thinking aloud;
a semi-structured group discussion then probed how strategic-links fit the way they prepare for
negotiations. Strategic links were integrated into the interface in two places: a Move Consequences
view surfaces the links directly, showing for each move which moves and objectives of other
actors it unlocks or blocks, and an Influence Mapping view aggregates the same link structure into
recommended influence routes between actors—direct or through intermediary actors—annotated
with route strength and the concrete moves that create each link (see Figure 14 in Appendix A).

While the negotiators had suggestions for improving the presentation of the strategic links (e.g., clearer
route terminology and visual conventions borrowed from familiar stakeholder-mapping practice),
they found the idea intuitive and valuable. One participant noted that “the influence mapping was
very insightful. . . there you can see clearly who you have to approach” (P6); another described the
link-based what-if reasoning as “a great, almost simulation of the negotiation kind of tool. . . you can
see if you are closer or not closer to reaching your objective” (P8); and a third concluded, “I feel like
you could build this entire thing just around the influence mapping interface” (P3).

8 Conclusion
Our strategic link scores formalize a key element of long-term planning: when actions taken to
enable later actions. Our scores provide planning-level explanations of RL agents, enable safe
implementation of action recommendations, and characterize planning processes not specified as
explicit algorithms. Thus, strategic link scores offer a new way to productively interpret RL agents.
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A Negotiation Preparation Interface

Figure 14: Strategic links as surfaced in the negotiation preparation interface (the Move Consequences view).
Toggling one of the selected actor’s moves to “skip” reveals the strategically linked outcomes that become
blocked for other actors in the scenario.

B Experimental Details

B.1 Details for Planning-Level Explanations

GridWorld. The state space consists of the agent’s position, represented as row and column
indices (i, j), and a binary flag fk for each key k, indicating whether the corresponding key has
been retrieved. The action space consists of the four cardinal directions: up, down, left, and right.
Transitions are deterministic. At each time step when the agent is not in the target cell, they receives a
reward of −1. When collecting the most likely trajectory in Algorithm 1, we let the agent to interact
with the environment until they reach the target, which determines the value of T .

As the planner, we consider soft value iteration (Haarnoja et al., 2017), setting the discount factor
as γ = 0.99, the number of iterations as 250, and the inverse temperature parameter as β = 100.
When computing strategic link scores, we constrain the decision (s, a) by setting the reward value at
that decision to negative infinity: r(s, a) ← −∞. In GridWorld, we ignore flags {fk} and only
consider the agent’s position (i, j) to be part of the state. That is, we consider moving a specific
direction in a specific cell to be the same decision, regardless of which keys have been picked up so
far. Accordingly, when constraining the decision (i, j, {fk}, a), we set r(i, j, {f ′

k}, a)← −∞ for all
f ′
k ∈ {0, 1}, independent of the values {fk}.

Chess. Players decide on moves by (i) considering the next board state after each legal move available
to them, (ii) computing the value of those board states, and (iii) soft-maxing the computed values to
obtain a distribution over which move to make next. When evaluating boards, we use a chess engine
called Stockfish (https://github.com/official-stockfish/Stockfish), fixing its
search depth to 20 and turning off threading and hashing options to get deterministic values back.

https://github.com/official-stockfish/Stockfish
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Negotiation. In this setting, agents each have a distinct set of binary actions. They negotiate over
goal satisfaction, with goals scored either linearly or all-or-nothing. Each agent has its own utility
over goals. Turns consist of a proposer choosing a partner and proposing a binding joint action
commitment, which the partner then accepts or rejects. Payoffs are terminal-only, and commitments
persist, shaping future deals and outcomes.

B.2 Details for Strategy-Aware Decision Support

Shortcuts. The state space consists of the node that the agent is currently at, along with binary
flags corresponding to each preparation action, indicating whether that action has been taken or
not. The action space consists of moving forward (move), jumping via the i-th shortcut ({jumpi}),
and or taking the j-th preparation action (prepj). Letting n be the current node and fj be the flag
corresponding to action prepj , the transition dynamics are given by the following rules:

n← n+ 1 if a = move ∧ Vmove
.
= {n ̸= N} (9)

n← n(to)
jumpi

if a = jumpj ∧ Vjumpi

.
= {n = n(from)

jumpi
} ∧ {fj = 1,∀j ∈ Jjumpi

} (10)

fj ← 1 if a = prepj ∧ Vprepj

.
= {n = nprepj

} (11)

where Va denotes the validity condition for action a, n(to)
jumpi

is the destination of shortcut i, n(from)
jumpi

is
the origin of shortcut i, Jjumpi

is the set of preparation actions required to use shortcut i, and nprepj

is the node where action prepj is located at. Meanwhile, the reward function is given by

r(n, {fj},move) =

{
−1 if n+ 1 ̸= N

−1 +N if n+ 1 = N
(12)

r(n, {fj},jumpi) =


−1 if ¬Vjumpi

−(n(to)
jumpi

− n(from)
jumpi

) + |Jjumpi
| · 2C if Vjumpi

∧ n(to)
jumpi

̸= N

−(n(to)
jumpi

− n(from)
jumpi

) + |Jjumpi
| · 2C +N if Vjumpi

∧ n(to)
jumpi

= N

(13)

r(n, {fj},prepj) =

{
−1 if ¬Vprepj

−C if Vprepj

(14)

We generate these environments randomly according to following procedure, letting I be the number
of shortcuts and J be the number of preparation actions:

Algorithm 3 Shortcuts Environment Generation

1: for i ∈ {1, . . . , I} do
2: n′ ∼ Uniform({1, . . . , N}); n′′ ∼ Uniform({1, . . . , N} \ {n′})
3: n(from)

jumpi
← min{n′, n′′}; n(to)

jumpi
← max{n′, n′′}

4: J ′ ∼ Uniform({1, . . . , J}); Jjumpi
← {}

5: for _ ∈ {1, . . . , J ′} do
6: j′ ∼ Uniform({1, . . . , J} \ Jjumpi

); Jjumpi
← Jjumpi

∪ {j′}
7: for j ∈ {1, . . . , J} do
8: nprepj

← 1

When using soft value iteration to plan policies, we set the discount factor as γ = 0.99, the number of
iterations as 30 (twice the total number of nodes and preparation actions), and the inverse temperature
as β = 100. When checking whether a strategic link score is significantly greater than zero, as in
Line 5 of Algorithm 2, we set the significance threshold to halfway between 0 and 1/5 (one over
the number of preparation action). This is because: When all preparation actions are recommended
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together, a soft-optimal policy assigns them equal probabilities at the initial state, since the order in
which they are taken does not matter. Therefore, the strategic link score between any two preparation
actions becomes at most 1/5, as the probability of a recommendation cannot drop more than its
original value after a constraint.

Hypotension. Starting with the MIMIC-IV dataset, we selected adults who (i) are aged 18 to 80,
(ii) had an ICU stay that is at least 24 hours long, and (iii) exhibited mean arterial pressure (MAP)
readings of 65mmHg or below, indicative of acute hypotension. After this filtering, we are left with
1684 distinct ICU admissions, each constituting a ‘trajectory’.

We form states by discretizing four biomarkers, partial pressure of O2 over fraction of inspired O2,
mean blood pressure, Glasgow Coma Scale, creatinine levels, according to Table 2 resulting in tuples
s = (s[1], s[2], s[3], s[4]) ∈ S = {0, 1, 2} × {0, 1} × {0, 1} × {0, 1, 2}.

Table 2: Discretization of Biomarkers

Biomarker Interval Bin Value

Partial Pressure of O2 / Fraction of Inspired O2 [200,∞) s[1] = 0
[100, 200) s[1] = 1
(−∞, 100) s[1] = 2

Mean Blood Pressure [70mmHg,∞) s[2] = 0
(−∞, 70mmHg) s[2] = 1

Glasgow Coma Scale (−∞, 12] s[3] = 0
(12,∞) s[3] = 1

Creatinine (−∞, 1.9mg/dL] s[4] = 0
(1.9mg/dL, 4.9mg/dL] s[4] = 1

(4.9mg/dL,∞) s[4] = 2

The action space consist of two binary treatments, administering vasopressor therapy or intravenous
fluid bolus, resulting in four distinct actions: administering no treatment, one or the other treatment,
or both treatments. We infer the initial state distribution σ and the transition function τ by counting
initial states and transitions in the MIMIC-IV dataset. As the reward function, we consider r(s) =
60−10s[1]−10s[2]−10s[4], which is inline with the fact that higher bin values signify a deterioration
in the patient’s condition.

As the optimal planner, we consider soft value iteration with discount factor γ = 0.95 and inverse
temperature β = 100, running it for 250 iterations. We create suboptimal policies by adding Gaussian
noise to the true reward function such that r′(s) = r(s) + 2ηs and ηs ∼ N (0, 1) and training
“optimal” agents under the resulting noisy reward functions. We reject any suboptimal policy that
differs from the optimal policy in more than 10 states.

B.3 Details for Strategic Link Scores via Interventions

Simulation. We refer to Seo (2025) for the details regarding the mechanisms underlying the
traffic simulator. In our experiments, the simulation parameters are set as follows: deltan =
5, reaction_time = 1, duo_update_time = 500, duo_update_weight = 0.5, and
duo_noise = 0.01. Each road segment along the highway, as well as the on-ramps leading to it,
has two lanes, a length of 1000, and a free flow speed of 20. Road segments along the arterial have
the same number of lanes and the same length, but a lower free flow speed of 20

√
J/(J + 1). We

choose this value so that the arterial road is reasonably quicker (takes less overall time): If the speed
on the arterial road were to be 20 · J/(J + 1), both the arterial and highway routes would have taken
the same amount of time as their length ratio is J/(J + 1). If it were to be 20 instead, so that the
two routes have the same speed, shorter length would have always meant a quicker route, requiring
no strategic routing. The actual free flow speed is the geometric mean of these extreme scenarios.
Finally, the incoming traffic flow into the road network through the “entry” is set to be 2.0.
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Reinforcement Learning. In addition to simulated agents, we also use RL to find the optimal routing
policy that minimizes the average travel time throughout the whole road network. Each road segment
has a travel time that depends on the traffic flow it carries, which we denote as TA(f) and TH(f)
given flow f for the arterial and the highway (including on-ramps) respectively. Since the incoming
flow must be equal to the outgoing flow at each junction, the initial entry flow f0 determines the flow
throughout the network, conditioned on a routing policy π. Letting fA,Ji

, fR,Ji
, and fH,Ji

denote
the traffic flow on the arterial segment following junction Ji, the on-ramp leaving that junction, and
the highway segment that follows, we can write

fA,J1
= f0 · π(J1) fR,J1

= f0 − fA,J1
fH,J1

= fR,J1
(15)

fA,Ji
= fA,Ji−1

· π(Ji) fR,Ji
= fA,Ji−1

− fA,Ji
fH,Ji

= fH,Ji−1
+ fR,Ji

(16)

=
∑i

i′=1fR,Ji′ = f0 − fA,Ji
(17)

Notice that the flow rates past each junction, fA,Ji
, fR,Ji

, fH,Ji
, can be determined solely from the

flow rate coming into that junction, fA,Ji−1
. Leveraging this structure, we find the policy π(Ji) that

would result in the shortest average travel time efficiently via the following three steps: First, we
include in our state space the incoming flow f to junction Ji, for which we can write the following
deterministic transition function:

τ(Ji, f, a) = (Ji+1, f
′ = fa) (18)

Second, we use value iteration to compute the optimal flow-dependent policy π∗(Ji, f), which
captures optimal routing under any flow condition, not just for our specific entry flow rate f0. Third,
we roll this policy out, starting from the entry flow rate f0, to obtain a flow-free policy π∗(Ji), which
would remain optimal as long as the entry flow rate does not change:

π∗(J1)← π∗(J1, f0) fA,J1
← f0 · π∗(J1) (19)

π∗(Ji)← π∗(Ji, fA,Ji−1
) fA,Ji

← fA,Ji−1
· π∗(Ji) (20)

We use the following reward function

r(Ji, f, a) = fa · TA(fa)︸ ︷︷ ︸
arterial

+ f(1− a) · TH(f(1− a))︸ ︷︷ ︸
on-ramp

+(f0 − fa) · TH(f0 − fa)︸ ︷︷ ︸
highway

(21)

which ensures that cumulative rewards correspond to the average travel time across all road segments,
weighted by the actual traffic flow carried by each segment. When using value iteration, we quantize
the continuous actions space A = [0, 1] using 100 equally-spaced quantization points.

B.4 Details for Strategic Link Scores via Reward-Based Modeling

For these experiments, we compute strategic link scores using reward functions inferred from
demonstrations via IRL, rather than using the true reward functions. The specific scores we evaluate
depends on the environment: For GridWorld, we consider the same score matrices as in Section 5.1;
for Shorcuts, we consider the same scores that needed to be computed for the application in
Section 5.2; and for ArterialHighway, we consider the same scores computed in Section 6.1.

Although compute the same scores as in our applications, we use slightly smaller versions of
each environments to reduce the computational demand of performing IRL: For GridWorld, we
consider only the simple layout shown in Figure 3; for Shortcuts, we generate 10 environments
with 5 nodes, 3 shortcuts, and 3 preparation actions instead of 100 environments with 10 nodes, 5
shortcuts, and 5 preparation actions; for ArterialHighway, we consider a road network with 5
junctions instead of 10. In ArterialHighway, using soft value iteration requires us to quantize
the continuous action space. We normally use 100 quantization points, but for these experiments, we
reduce it to 10.

As demonstrations, we sample 10,000 trajectories following optimal policies computed via soft value
iteration. In GridWorld, we fix the time horizon of each trajectory to T = W ×H , where W is the
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grid width and H is the grid height; in Shortcuts, we fix T = N × L, where N is the number of
nodes and L is the number of preparation actions; and in ArterialHighway, we fix T = J + 1,
where J is the number of junctions. For each environment, the number of soft value iteration steps is
set accordingly. We vary the inverse temperature parameter to obtain demonstrations with different
levels of stochasticity—see Figure 13 for the specific temperature values considered.

As the IRL algorithm, we use maximum entropy IRL (Ziebart et al., 2008). The RL algorithm used in
the inner loop of maximum entropy IRLis again soft value iteration with the same hyperparameters
(number of iterations and inverse temperature) as those used for generating demonstrations. Since
all our environments have deterministic transitions, we consider the setting where the true transition
dynamics are known. Meanwhile, reward functions are represented as |S|-by-|A| matrices; initialized
to all zeros; and updated via gradient steps over 10,000 iterations using the Adam optimizer with
hyperparameters β1 = 0.9, β2 = 0.999, and ϵ = 10−8. The learning rate is set to 10−4 for
GridWorld and Shortcuts, and to 5 · 10−3 for ArterialHighway.

We repeat each experiment five times to obtain 1-sigma error bars.

B.5 Negotiation Examples

While we consider simple examples in this work, they are all grounded in realistic negotiation
scenarios, as cited in the frontline negotiator’s field manual (Centre of Competence on Humanitarian
Negotiation (CCHN), 2019). This manual features many negotiation examples that can be translated
into such negotiation instances of this kind.

For example, one instance includes parties trading symbolic or political concessions (e.g., reduced
visibility, modified procedures) for downstream operational access or cooperation (p.130 in Centre
of Competence on Humanitarian Negotiation (CCHN) (2019)). This again reflects an “investment”
scenario, in which an agent can accept a small immediate concession (an upfront cost) that unlocks a
later, larger gain via a contingent agreement.

To provide further details about how such a negotiation game is played, we now show the “game log”
of this “investment” game, as well as of the “trap” game referenced in Sec. 5.1:

Game 1: The Trap Scenario

This game illustrates a setting where a player must ignore a small, immediate reward to avoid a
catastrophic loss later in the game.

Setup: Three players (p0, p1, p2) move in strict order. Player p2 controls two actions, while p0 and
p1 control one action each.

Goals:

• Goal 0: Requires p0’s action. Yields +10 points to p0.

• Goal 1: Requires p1’s action. Yields +5 points to p0.

• Goal 2: Requires p2’s first action. Yields +5 points to p1.

• Goal 3 (The Trap): Requires p0’s action and p2’s second action. Yields +100 points to p2, but
heavily penalizes p0 with −100 points.

Optimal Execution Log:

• Turn 1: Player p0 wants the easy +10 points from Goal 0, but realizes doing so “arms” the trap
(Goal 3) for p2. Instead, p0 wisely chooses inaction to lock in safety, and negotiates with p1 to take
their action. This satisfies Goal 1 and secures a safe +5 points for p0.

• Turn 2: Player p1 lobbies p2 to act. Because p0 did not arm the trap, p2 safely uses their first
action, satisfying Goal 2 and awarding p1 +5 points.
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• Turn 3: Player p2 attempts to negotiate with p0 to act and spring the trap. Player p0 holds firm and
refuses to act, preventing p2 from obtaining the +100 payout.

Final Outcome: The final payoffs are p0 : 5, p1 : 5, p2 : 0. Player p0 successfully navigates the
dilemma by sacrificing the “easy” +10 to ensure survival, allowing the group to settle into a safe
equilibrium.

Game 2: The Investment Scenario

This game demonstrates a scenario where an agent must accept an upfront penalty (a cost) to unlock
a massive mutual reward downstream.

Setup: Three players (p0, p1, p2) move in strict order. Player p0 controls two actions, while p1 and
p2 control one action each.

Goals:

• Goal 0 (Cost): Requires p0’s first action. Imposes a cost of −5 points on p0.

• Goal 1 (Small Win): Requires p0’s second action and p1’s action. Yields +2 points to both p0 and
p1.

• Goal 2 (Jackpot): Requires p0’s first action and p2’s action. Yields +100 points to both p0 and p2.

Optimal Execution Log:

• Turn 1: Player p0 acts cautiously, choosing to abstain from paying the −5 upfront cost until a
guaranteed return is established.

• Turn 2: Player p1 proposes a risk-free deal for Goal 1. Player p1 acts, and p0 uses their second
action. Goal 1 is satisfied, awarding +2 to both. The cost for the Jackpot remains unpaid.

• Turn 3: Player p2 realizes they need p0 to pay the cost to unlock the +100 reward. Player p2
proposes a joint deal: they will act if p0 uses their first action. Player p0 agrees. This triggers Goal
0 (−5 to p0), but combined with p2’s action, immediately satisfies Goal 2, yielding +100 to both.

Final Outcome: The final payoffs are p0 : 97, p1 : 2, p2 : 100. The agents successfully coordinate
to ensure the cost is only paid when the reward is guaranteed.


