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Abstract

Multi-objective reinforcement learning (MORL) addresses decisions

involving conflicting objectives. Pareto-Conditioned Networks

(PCNs) represent multiple trade-offs in a single policy by condition-

ing actions on a desired-return command. Although this command

expresses the agent’s objectives, the learned state–command–action

mapping remains opaque. This thesis investigates the command as

an explanatory interface. It makes four contributions. First, it intro-

duces a return-only PCN that removes explicit horizon conditioning

while achieving performance comparable to return-and-horizon

conditioning across the evaluated environments. Second, it develops

command-space counterfactual explanations that identify minimal

command changes required for the same policy, in the same state,

to prefer a specified alternative action. The proposed CF-ZOO

method combines Pareto-front-informed initialization with black-

box zeroth-order optimization, without requiring access to model

internals. Third, it introduces a goal-influence signal that separates

command influence from policy confidence and is validated against

behavioural ground truth across diverse environments. Fourth, it

provides an interactive testbed for inspecting rollouts, generating

and verifying counterfactual explanations, and supporting human

evaluations. Together, these contributions enable local, contrastive,

and objective-level explanations through desired-return commands.
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Chapter 1

Introduction

1.1 Motivation

Deep learning provides expressive models for high-dimensional data [1; 2], and

reinforcement learning (RL) extends such models to sequential decisions whose

value depends on future consequences [3]. Deep RL has achieved strong results

in domains including Atari and Go [4; 5], but the resulting neural decision rules

are difficult to inspect. That difficulty matters beyond benchmark performance:

an agent deployed in mobility, robotics, resource management, or industrial con-

trol may take actions whose consequences are delayed, cumulative, and costly to

reverse. A user therefore needs more than the action itself. They may need to

know which objective trade-off supported it, which alternative was considered,

and how much the requested outcome would have to change before the policy

behaved differently.

This opacity motivates explainable artificial intelligence (XAI), which asks

how model outputs can be made understandable [6; 7]. LIME, SHAP, and In-

tegrated Gradients address static predictions [8; 9; 10]; RL is harder because an

action is one step in a trajectory. Its significance depends on the current state,
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1.1 Motivation

the learned policy, accumulated and future rewards, termination conditions, and

environment dynamics. An explanation that accounts only for the immediate

output can therefore miss why the action is useful over time or whether the same

preference would matter at another state [11].

The problem becomes sharper when several objectives must be balanced. Real

decision systems rarely optimize a single quantity: performance can conflict with

safety, energy use, cost, fairness, comfort, robustness, or environmental impact.

Reducing all objectives to one scalar reward can conceal these tensions and fixes

a weighting before deployment, even when different users or situations require

different compromises. Multi-objective reinforcement learning (MORL) instead

represents rewards as vectors and seeks policies for different Pareto trade-offs

while retaining each objective’s contribution to the return [12; 13]. The resulting

objective structure is not merely an optimization detail. It supplies a vocabulary

in which a contrast can be stated directly: an alternative action may require

accepting less of one objective in exchange for more of another. Making that

structure explicit can therefore support contrastive explanation [11; 14].

The interpretability literature stresses that an explanation must match its

question and audience. Feature attribution links variables to one output, global

summaries capture recurring policy patterns, and trajectory explanations con-

nect decisions to longer-term outcomes [11; 14]. A developer may need a global

account, whereas a user asking why one action was preferred to a foil needs a

local contrast. In RL, changing the state or policy changes the subject of that

explanation; a preference-based explanation should preserve both and intervene

on an input meaningful to the user.

The multi-objective setting provides such an input but creates a further inter-

pretability burden. Pareto fronts and coverage sets summarize policy trade-offs

globally [12; 13], but do not show how a conditioned network maps one fixed
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1.2 Research Problem

state and desired return to an action, whether a nearby command selects a foil, or

whether the command matters there. Because objective-space proximity need not

imply behavioural proximity under a nonlinear policy, explanation must bridge

global objective geometry and the local decision surface. This bridge motivates

the counterfactual, influence, and interaction components developed in the thesis.

Pareto-Conditioned Networks (PCNs) compactly represent many such trade-

offs in one policy conditioned on a desired outcome [15]. At execution time,

the desired-return command specifies which region of objective space the agent

should pursue. Changing that command can change behaviour without retraining

the network, which makes it a natural candidate for an interpretable control

and explanation variable. It is already meaningful to a user in terms of desired

outcomes rather than hidden activations or individual network weights.

However, conditioning on an interpretable input does not make the policy

transparent [7; 11]. PCN conditions action selection on a remaining desired

return [15], yet the local state–command–action mapping remains a neural black

box. It exposes the requested trade-off without revealing whether the command

influenced a decision or which nearby trade-off would produce a foil action. These

gaps motivate the thesis: use the command as the interface, but supply methods

that connect it to specific actions and measurable influence.

1.2 Research Problem

This thesis studies explanation methods that use the PCN command itself as the

explanatory interface. The central object is the local mapping

(st, Rt) ↦→ a⋆, (1.1)

3



1.3 Research Questions

where st is the current state, Rt the remaining desired-return command, and a⋆

the greedy action of the trained policy. Because the command encodes the desired

multi-objective trade-off, interventions on the command produce explanations

that are naturally expressed in the user’s own preference language: if your trade-

off had shifted slightly towards objective X, the agent would have chosen Y.

This requires a single interpretable intervention variable, a search suited to flat

and non-convex black-box Command surfaces, a separate measure of whether the

command influences a state at all, and software through which users can inspect

and execute the resulting explanations.

1.3 Research Questions

The thesis addresses four research questions.

RQ1. Can the PCN policy be conditioned only on the state and the remaining

desired return, so that the command becomes a single clean intervention

variable for explanation, and how does such a return-only variant compare

empirically with the original return-plus-horizon formulation when both are

trained and evaluated under a shared protocol?

RQ2. How can local action decisions of a Pareto-conditioned policy be explained

through minimal interventions on the desired-return command, and how

reliably can a black-box search find such counterfactual commands on the

learned command–action surface, compared with a white-box optimization

baseline?

RQ3. How strongly does the desired-return command influence the policy’s ac-

tion distribution at each visited state, can this influence be separated using

4



1.4 Contributions

insight from policy confidence, and can a query-based influence signal be

validated against behavioural ground truth?

RQ4. How can command-space explanations be made inspectable and executable

for a human user, including a protocol for realizing counterfactual com-

mands in actual environment rollouts?

1.4 Contributions

The thesis makes four connected contributions, one for each research question.

1. Return-only PCN design (Chapter 4). The deployed policy is con-

ditioned on state and remaining desired return, πθ(at | st, Rdes
t ). Reward-

neutral suffix trimming and a preference for shorter near-equal trajectories

retain temporal bias without a horizon input. A controlled comparison with

the return-plus-horizon (RH) formulation across 21 environment configura-

tions establishes broad comparability, not dominance.

2. Command-space counterfactual explanations (Chapters 5 and 6).

Given a fixed state, command, selected action, and foil, the method seeks

a minimal command change that makes the trained PCN prefer the foil.

The black-box CF-ZOO search combines Pareto-front-seeded rays, binary

boundary refinement, and ZOO-ADAM, and is evaluated against a white-

box Carlini–Wagner baseline, a combinatorial stress test, and a dense-grid

feasibility diagnosis.

3. Goal-influence analysis (Chapter 7). A per-state divergence between

the command-conditioned distribution and a broad-generic same-state base-

line separates influence from confidence. Total-variation, Jensen–Shannon,

probe-flip, and reachable-centroid companions support validation against
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1.5 Thesis Organization

command-grid and seeded Monte Carlo behavioural ground truth in ten

environments.

4. Interactive testbed (Chapter 8). An application supports model and

Pareto-front selection, live and replayable rollouts, foil queries with both

explanation methods, and verified realization of counterfactual commands.

It provides infrastructure for qualitative inspection and future human eval-

uation.

Parts of this work have been accepted at the Workshop on

Explainable Artificial Intelligence (XAI) at IJCAI 2026 as the paper

Command-Space Counterfactual Explanations for Pareto-Conditioned

Reinforcement Learning (Chulev and Baier). Another similar version

was also submitted to the AAAI-27 main conference.

The papers cover the counterfactual formulation and its evaluation; this thesis

extends it with the return-only versus return-plus-horizon comparison, the goal-

influence analysis, the interactive testbed, and thesis-level methodological detail

and discussion.

1.5 Thesis Organization

Chapter 2 reviews the necessary foundations and research gap. Chapter 3 in-

troduces the complete environment suite and identifies the subset used by each

experiment. Chapter 4 compares return-only and return-horizon PCNs. Chap-

ters 5 and 6 define and evaluate command-space counterfactuals; Chapter 7 de-

velops the goal-influence analysis; and Chapter 8 presents the interactive system.

Chapters 9 and 10 synthesize the findings, limitations, and future work. The

appendices provide hyperparameters and extended results.
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Chapter 2

Background and Related Work

This chapter introduces the required technical background and positions the the-

sis within related work.

2.1 Reinforcement Learning

Reinforcement learning (RL) models sequential interaction: an agent observes

a state, selects an action, receives a reward, and seeks a policy maximizing ex-

pected long-term return [3]. The standard Markov decision process (MDP) is

(S,A, P, r, γ), with state and action spaces, transition function P (s′ | s, a), scalar

reward r(s, a, s′), and discount factor γ ∈ [0, 1]. Under the Markov assumption,

the current state suffices to model the next-state distribution given the action.

Neural policies and value functions enable high-dimensional deep RL [4; 5], but

obscure the resulting decision rules.
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2.2 Multi-Objective Reinforcement Learning

2.2 Multi-Objective Reinforcement Learning

Multi-objective reinforcement learning (MORL) replaces a scalar reward with a

vector when decisions must balance several objectives. A multi-objective Markov

decision process (MOMDP) is

M = (S,A, P, r, γ) , (2.1)

where r(s, a, s′) ∈ Rm is an m-dimensional reward vector and the remaining

elements are as in the scalar MDP [12; 13; 16]. For a trajectory τ , the return is

vector-valued:

G(τ) =
T∑︂
t=0

γt r(st, at, st+1). (2.2)

Pareto Dominance and Coverage Sets. A return vector x Pareto-dominates

y when it is at least as good in every objective and strictly better in at least one.

The Pareto front contains the attainable returns that no other attainable return

dominates. If utility is unknown during training, a coverage set represents poli-

cies that are optimal for different utilities [12]. Fixed scalarization, by contrast,

chooses one preference in advance. A linear scalarization can miss non-convex

regions of the Pareto front [12; 13]. It can also hide the objective structure and

leave preference specification to the designer [13].

Solution-Set Metrics. Chapter 4 compares learned solution sets with two

standard quantities.

Hypervolume. For achieved returns X ⊂ Rm and a dominated reference point

zref , hypervolume is the measure of the region dominated by X and bounded by

that point [13]. Larger values indicate greater convergence and spread; compar-

isons require a fixed reference point.

8



2.3 Pareto-Conditioned and Preference-Conditioned Policies

Expected utility. This is the expectation, over a utility distribution, of the

best utility attainable in the solution set [12; 13]. Here utilities are linear and

weights follow the protocol in Section 4.4.

Deep and Applied MORL. Deep MORL uses neural approximation in com-

plex environments [17; 18]; related work approximates continuous Pareto frontiers

with policy gradients [19] and connects multi-objective and multi-task RL through

generalized policy improvement and preference adaptation [20]. Because MORL

exposes rather than hides trade-offs, explanations can ask how those trade-offs

influence behaviour.

2.3 Pareto-Conditioned and Preference-

Conditioned Policies

Preference- and return-conditioned methods avoid storing a policy for every trade-

off by replacing πθ(a | s) with one policy πθ(a | s, c) conditioned on a preference,

weight, or desired return c.

The Original PCN Formulation. The original Pareto-Conditioned Network

(PCN) conditions one policy on the state, desired return, and desired horizon, so

one network can represent multiple requested outcomes and time budgets [15]:

πθ

(︁
at | st, Rdes

t , hdes
t

)︁
, (2.3)

where Rdes
t is the requested multi-objective return and hdes

t the requested remain-

ing steps. PCN stores achieved returns, horizons, transitions, and actions in a

bounded replay buffer biased towards non-dominated outcomes, then learns by

conditional behavioural cloning [15]. The original work does not isolate the hori-

9



2.4 Explainable Reinforcement Learning

zon’s role; Chapter 4 tests a return-only alternative. Pareto conditioning has also

been extended to continuous actions [21].

Related Conditioned-Policy Methods. Related methods condition agents

on changing scalarization weights [22], learn universal preference-conditioned net-

works [23], or use hypernetworks for dense Pareto-set coverage [24]. Preference-

Controllable RL targets controllability [25]; D3PO addresses gradient interference

and representational collapse [26]; and envelope Q-learning generalizes one net-

work over linear utilities [27].

These methods make the command a semantic runtime interface. A local

explanation can therefore identify the smallest command change that changes an

action.

2.4 Explainable Reinforcement Learning

Explainable reinforcement learning (XRL) includes intrinsic and post-hoc, local

and global explanations of states, actions, trajectories, rewards, policies, and

models [11; 28; 29; 30]. Unlike one-step classification, RL agents act repeatedly

and affect later states. An explanation may concern an action, its influential

states or rewards, a trajectory, or the policy’s general strategy. These targets

answer different questions and should not be treated as interchangeable [11; 31].

A local explanation concerns one decision in a specified context, whereas a

global explanation summarizes behaviour across many states. Intrinsic methods

make the policy itself interpretable; post-hoc methods explain a trained policy

without changing its decision rule. Explanations may additionally describe asso-

ciations in the policy, contrast alternatives, or connect behaviour to an agent’s

goals and dispositions [14; 30]. The appropriate form consequently depends on

whether the user wants to understand an immediate choice, a longer-term out-

10



2.5 Counterfactual Explanations

come, or the overall policy.

Within XRL, this thesis addresses the gap of explaining fixed-state actions

through minimal changes to the objective command.

2.5 Counterfactual Explanations

Counterfactuals in Supervised Learning. A counterfactual states how an

input must change to produce a different output [32]; it is local and contrastive

by construction. Supervised methods optimize validity and proximity, sometimes

adding sparsity, manifold closeness [33], diversity [34], actionability, or causal

consistency [35; 36]. Prototype guidance can further encourage manifold proxim-

ity by steering a counterfactual towards a representative prototype of the target

class [37].

Why Sequential Settings Are Different. RL adds temporality, dynamics,

and stochasticity: a nearby state may be unreachable, and recourse may fail across

rollouts [38]. RL-specific desiderata therefore include reachability, stochastic re-

course, and actionability under environment constraints; Chapter 5 specializes all

seven surveyed desiderata to command space.

Counterfactual Methods in RL. RL counterfactuals modify visual states

through generative models [39], propose alternative action sequences or poli-

cies under uncertainty [40], or search reachable trajectories for states where a

foil is likely [41]. ACTER produces diverse actionable action sequences [42];

COViz compares outcomes visually [43]; COUNTERPOL constructs a minimally

changed policy whose behaviour provides the counterfactual contrast [44]; and

continuous-action work changes action sequences [45]. GANterfactual-RL and

SAFE-RL produce plausible visual counterfactuals using generative or saliency

11



2.6 Explainable Multi-Objective Reinforcement Learning

cues [46; 47]; CausalCF applies causal counterfactuals to robotic robustness [48].

In contrast, this thesis holds pixels, state variables, action history, and policy

parameters fixed, and changes the requested objective trade-off to induce a local

foil action.

2.6 Explainable Multi-Objective Reinforcement

Learning

Explainable MORL (XMORL) builds on reward decomposition for action pref-

erences [49], trade-off rationales in multi-objective planning [50], and contrastive

explanations that teach tactical rules [51]. XMORL surveys identify preference

adaptation and competing goals as challenges beyond scalar-reward XRL [52; 53].

Recent methods cluster policy sets in objective and behavioural spaces [54],

structure parameter and performance spaces for interpretability [55], and connect

preference-conditioned trajectory segments to Pareto trade-offs [56]. Diagnostics

also measure global preference–return controllability [57] or compare front geom-

etry with trajectory representations [58]. These policy-set, parameter, trajectory,

and episode-level approaches do not provide a fixed-state command counterfac-

tual for a specified foil action.

2.7 Adversarial and Zeroth-Order Optimization

Counterfactual search and adversarial perturbation both seek small input changes

that alter model output. Carlini–Wagner attacks balance proximity against a tar-

geted loss [59], while DeepFool approximates decision boundaries iteratively [60].

Black-box ZOO estimates coordinate-wise gradients with finite differences [61];

SPSA estimates a multivariate gradient from two simultaneous perturbation eval-

12
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uations [62]; and Natural Evolution Strategies update a search distribution toward

higher-fitness regions [63]. Cheng et al. instead optimize directions and scalar

boundary distances in hard-label settings [64], inspiring Chapter 5’s boundary-

seeded stage.

RL policies are vulnerable to perturbed observations [65] and adversarial poli-

cies acting through natural interactions [66]. Attacks also target trading [67],

recommender systems [68], lane changing [69], and selected key decisions [70].

This thesis repurposes their optimization logic for explanation: it perturbs the

PCN command to expose a local action boundary, not to attack the agent.

2.8 Research Gap

The reviewed work covers RL counterfactuals over states, observations, action

sequences, and policies; conditioned MORL policies and policy sets; and XMORL

explanations at reward, trade-off, policy-set, trajectory, and global-control levels.

It does not directly answer this fixed-state question:

Given a trained Pareto-conditioned policy, a fixed state, an original

desired-return command, and a foil action, what minimal change in

the command would cause the policy to select the foil action?

Answering it requires a single command intervention (Chapter 4), black-box

search over the learned command–action surface (Chapters 5 and 6), a com-

plementary influence measure (Chapter 7), and an interface for inspection and

execution (Chapter 8), including a human interaction interface.
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Chapter 3

Experimental Environments

This chapter introduces the complete environment suite before it is used in the

experimental chapters. The suite contains 21 configured tasks drawn from 14

environment families: four diagnostics created for this thesis, eight dimensional

variants of Walkroom, and nine published MORL or control benchmarks. Every

environment returns a vector reward and every coordinate is maximized; quan-

tities described as costs or penalties therefore enter the return with a negative

sign. Published environments are instantiated through the MO-Gymnasium and

Gymnasium interfaces [71; 72]. The exact versions and modifications used here

are important: Deep Sea Treasure uses the concave map, Fruit-Tree has depth

six, Minecart is deterministic, Mountain Car uses the time–speed reward, and

the control tasks are MO-Lunar-Lander-v3 and MO-Reacher-v5.

The 21 configurations serve different experimental roles. The return-only ver-

sus return-plus-horizon comparison in Chapter 4 uses all of them. The counterfac-

tual experiments in Chapter 6 use Branch-Path, Breakable-Bottles, Collect-Two,

Deep Sea Treasure, Fruit-Tree, Minecart, Resource-Gathering, and Reward-Line.

The goal-influence analysis in Chapter 7 uses those eight environments and adds

Four-Room and Three-Tree, giving ten environments in total. The interactive
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system in Chapter 8 bundles both policy variants for the 13 non-Walkroom envi-

ronments and for Walkroom-2 and Walkroom-3, giving 15 selectable environment

configurations.

Custom diagnostic environments. Branch-Path is a 5× 7 grid whose central

junction leads to two narrow branches containing A- and B-items. Collecting an

item adds one unit to its corresponding objective; the 13-step limit makes the

three trade-offs (3, 1), (2, 2), and (1, 3) the attainable non-dominated outcomes.

Collect-Two is a 7 × 7 grid with four surrounding landmarks and four reward

coordinates. An episode ends after two distinct landmarks are collected: the first

selected landmark yields 1.0 in its coordinate and the second yields 0.8, so the

order matters and produces 12 non-dominated return vectors. Reward-Line is a

5×11 grid in which reaching column c of the terminal row yields (1−u, u), where

u = c/10; its 11 terminal cells expose a linear two-objective front. Three-Tree

is a depth-four ternary decision tree. At each node the agent chooses one of the

P, S, and E branches and receives a path-dependent three-objective reward; its

34 = 81 terminal paths contain 14 non-dominated return vectors. These four

environments were designed for this work, so their definitions and reward tables

are the primary specification rather than adaptations of an external benchmark.

Walkroom. Walkroom is the scalable synthetic environment introduced with

PCN [15]. In Walkroom-d, the state is a point in a d-dimensional lattice, the

2d actions move one step forward or backward along one coordinate, and either

direction incurs −1 in that coordinate’s reward. The episode ends when the final

coordinate reaches a procedurally generated boundary determined by the other

d−1 coordinates, so terminal locations trade coordinate-wise path lengths against

one another. This thesis evaluates d ∈ {2, 3, 4, 5, 6, 7, 8, 9}, using side length 20

for d ≤ 5, side length 10 for d ≥ 6, and a 200-step limit.

Published discrete benchmarks. Concave Deep Sea Treasure is an 11 × 11

15



submarine grid with four movement actions; reaching a treasure terminates the

episode, and the two objectives trade treasure value against a −1 time penalty per

step [73]. Breakable-Bottles is a five-cell delivery problem with three actions and

objectives for elapsed time, delivered bottles, and the potential side effect created

by leaving a bottle in the path [74]. Resource-Gathering is a grid navigation

task in which the agent can collect gold and a gem before returning home, while

enemy cells introduce a risk of losing the collected resources; its objectives are the

enemy penalty, gold, and gem [75]. Depth-6 Fruit-Tree is a full binary tree whose

64 leaves carry six-dimensional nutrient vectors for protein, carbohydrates, fats,

vitamins, minerals, and water [27]. Four-Room is a 13 × 13 four-action grid in

which the state records position and collected items; the three reward coordinates

count blue squares, green triangles, and red circles before the agent reaches the

goal [76; 77].

Published continuous-state benchmarks. Deterministic Minecart has a con-

tinuous kinematic state and six discrete controls for steering, acceleration, brak-

ing, mining, and idling; the agent trades the quantities of two ores against negative

fuel consumption before returning to base [22]. MO-MountainCar-TimeSpeed

retains the standard two-dimensional position–velocity state and three discrete

controls, but decomposes reward into a −1 time objective and a positive speed

objective [71; 72]. MO-Lunar-Lander-v3 has an eight-dimensional physical state

and four discrete engine actions; its four objectives separate landing or crashing,

flight shaping, main-engine fuel, and side-engine fuel [71; 72; 78]. MO-Reacher-v5

controls a two-joint arm from a six-dimensional angle-and-velocity observation.

Its nine actions are the Cartesian combinations of negative, zero, or positive

torque at each joint, and each of four rewards measures proximity of the fingertip

to a different fixed target [71; 72; 77].
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(a) Branch-Path (b) Breakable-Bottles (c) Collect-Two

(d) Deep Sea Treasure (e) Four-Room (f) Fruit-Tree

(g) Minecart (h) Lunar-Lander (i) Mountain-Car

(j) MO-Reacher (k) Resource-Gathering (l) Reward-Line

(m) Three-Tree (n) Walkroom-2 (o) Walkroom-3

Figure 3.1: Start-state thumbnails for the 15 environments available in the interactive
rollout system. Walkroom-2 and Walkroom-3 visualize the family used for all dimen-
sional variants. Policies receive state vectors, not pixels.
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Chapter 4

Return-Only Pareto-Conditioned

Networks

This chapter defines a return-only PCN, explains how it retains temporal bias

without a horizon input, and compares it with the original formulation across the

21 environment configurations introduced in Chapter 3.

4.1 The Original Return-Plus-Horizon Formu-

lation

As reviewed in Section 2.3, the original PCN conditions one policy on state,

desired return, and desired horizon [15]:

πθ

(︁
at | st, Rdes

t , hdes
t

)︁
, (4.1)

Training alternates data collection and supervised updates. A bounded replay

buffer retains well-spread, non-dominated episodes; at step t, stored actions are

relabelled with the return obtained from t onward and the remaining episode

18



4.2 Why Isolate Return Conditioning

length. New commands are sampled near current non-dominated returns. This

return-plus-horizon variant is denoted RH.

The horizon disambiguates trajectories that achieve the same return at dif-

ferent speeds and provides an additional deployment control, but its role was not

isolated experimentally in the original paper [15].

4.2 Why Isolate Return Conditioning

This thesis uses a revised return-only variant, abbreviated R, in which the de-

ployed policy is

πθ

(︁
at | st, Rdes

t

)︁
. (4.2)

Two considerations motivate this choice without implying that horizon condition-

ing is universally useless or inferior.

Explanatory identifiability. The explanation objective of this thesis is to un-

derstand how desired-return commands affect action choice. Keeping the horizon

would require counterfactuals over both return and time,

(R, h) ↦→ (R + δR, h+ δh), (4.3)

whereas the return-only formulation yields the simpler and semantically cleaner

explanation problem

R ↦→ R + δR. (4.4)

Now every counterfactual component is expressed in objective units, isolating

return-command effects from simultaneous temporal intervention.
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4.3 Retained Temporal Inductive Biases

Observed ambiguity of the horizon signal. In trained RH agents, chang-

ing only a desired horizon sometimes produced unstable or unintuitive actions

even for Pareto-front return commands. This environment-specific observation

supported removing horizon from the explanatory interface; it is not a general

claim about RH.

4.3 Retained Temporal Inductive Biases

Without horizon, waiting or wandering can share return labels with efficient be-

haviour. Two training modifications retain useful temporal bias indirectly.

Reward-neutral suffix trimming. Before an episode is relabelled and stored,

its reward-neutral suffix is removed. Formally, let (r0, . . . , rT−1) be the reward

vectors of an episode and define the suffix sums Σk =
∑︁T−1

t=k rt. The trimmed

episode keeps steps 0, . . . , k⋆ − 1, where k⋆ is the smallest index with Σk⋆ = 0

(component-wise, within an absolute tolerance of 10−6); if no such proper suffix

exists, the episode is kept unchanged. Trimming prevents final stretches in which

the agent no longer receives any additional reward, such as unnecessary waiting

or wandering after the last collectible, from being treated as part of the intended

command-conditioned behaviour.

Shorter-trajectory preference among near-equal returns. When com-

mands are selected from the buffer for relabelling and for sampling new ex-

ploratory commands, stored returns are first filtered for Pareto non-dominance

and then subjected to a time tie-break: if two stored episodes achieved near-equal

return vectors, the longer one is removed from the command pool. Near-equality

of returns x and y is tested component-wise as |xi−yi| ≤ εabs+εrel max(|xi|, |yi|, 1)

with εabs = 10−6 and εrel = 10−3. This biases the replay-derived commands to-
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4.4 Comparison and Conclusions

wards the most efficient demonstration of each achieved outcome, which is pre-

cisely the disambiguation the horizon command provided in the RH formulation,

without adding a second input dimension to the deployed policy.

4.4 Comparison and Conclusions

Shared protocol. One comparison script gives R and RH identical environ-

ment builders, step and update budgets, batch size, exploratory and initial

episode counts, discount factor, replay capacity, and seed. They differ only in

their command inputs (Eqs. (4.2) and (4.1)) and R’s two inductive biases.

Deterministic evaluation greedily rolls out every final logged non-dominated

command once. Four quantities summarize each variant:

Front. The number of stored, evaluated commands, i.e. the size of the final

logged non-dominated command set that was rolled out.

ND. The number of Pareto non-dominated vectors among the achieved returns

of those rollouts.

HV. Hypervolume measures how much objective space lies between the achieved

non-dominated returns and a fixed poor reference point. R and RH use the

same reference point within each environment, so the larger value indi-

cates the better or broader achieved front. A return that is worse than

the reference point in any objective lies outside this fixed comparison re-

gion and contributes no HV; it is excluded from the HV calculation but

remains counted in Front and ND and remains available to EU. The im-

plementation negates returns only because the software routine assumes

minimization rather than maximization.
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4.4 Comparison and Conclusions

EU. Expected utility measures how useful the achieved returns are when the

user’s priorities are unknown. A weight vector represents one possible pref-

erence by assigning a non-negative importance to each objective, with all

weights summing to one. The evaluation samples 10,000 such preferences

uniformly using random seed 0. For each preference, it selects the achieved

return with the highest weighted score. EU is the average of these 10,000

best scores. Within the same environment, a larger EU is better.

Thus Front measures retained commands, ND their non-dominated realized

outcomes, HV front convergence and spread, and EU usefulness under unknown

linear preferences.

Results across 21 environment configurations. Table 4.1 covers 21 cus-

tom and standard environments with 2 to 9 objectives. Under the evaluation’s

comparison rule, with no additional significance threshold, there are 13 ties, 5 R

wins, and 3 RH wins. Each environment was assessed independently using the

full-precision results. Front is descriptive, whereas ND, HV, and EU measure the

quality of the achieved set, with larger values preferred. A variant was assigned

a win when these measures gave it an overall advantage, even slight; identical or

extraordinarily similar results were recorded as ties.
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4.4 Comparison and Conclusions

Return-only (R) Return-plus-horizon (RH)

Environment Obj. Front ND HV EU Front ND HV EU

branch-path 2 3 3 6 2.495 3 3 6 2.495

breakable-bottles-v0 3 1 1 5015 13.15 1 1 5015 13.15

collect two 4 12 12 0 0.738 12 12 0 0.738

dst 2 10 10 22,860 53.4 10 10 22,860 53.4

four-room-v0 3 1 1 8 2.0 2 2 5 1.75

fruit-tree-v0 6 62 62 12,280 5.058 61 61 12,020 5.058

minecart 3 22 22 198.8 0.458 22 18 196.4 0.458

mo-lunar-lander-v3 4 29 6 1.328× 1011 61.6 22 7 1.391× 1011 64.9

mo-mountaincar-timespeed 2 134 31 7,199 −15.96 118 27 7,238 −15.39

mo-reacher-v5 4 2500 2216 4.566× 107 25.4 2500 2405 3.264× 107 23.0

resource-gathering-v0 3 1 1 1.331 0.666 1 1 1.331 0.666

reward-line 2 11 11 0.45 0.748 11 8 0.43 0.723

three-tree 3 14 14 26.98 2.995 14 14 26.98 2.995

walkroom2 2 11 11 212 −4.57 11 11 212 −4.57

walkroom3 3 65 65 6,853 −2.13 65 65 6,857 −2.04

walkroom4 4 257 257 154,400 −1.11 252 252 154,300 −1.13

walkroom5 5 785 785 3.174× 106 −0.732 857 857 3.176× 106 −0.715

walkroom6 6 495 495 997,200 −0.244 535 531 997,359 −0.243

walkroom7 7 1080 1076 9.994× 106 −0.185 1129 1124 9.994× 106 −0.179

walkroom8 8 1841 1819 9.999× 107 −0.147 1917 1888 9.999× 107 −0.136

walkroom9 9 500 500 9.994× 108 −0.185 500 500 9.995× 108 −0.169

Table 4.1: Deterministic comparison of the return-only (R) and return-plus-
horizon (RH) PCNs across 21 environment configurations under identical training
and evaluation budgets. For each variant, every command in the final logged non-
dominated set is rolled out greedily once. Obj. is the number of objectives; Front
is the number of logged commands evaluated; and ND is the number of their
achieved return vectors that remain Pareto non-dominated. HV measures the
achieved non-dominated set within a fixed environment-specific reference region,
while EU averages the best attainable linear utility over 10,000 sampled prefer-
ence vectors. Larger HV and EU values are better, but they are comparable only
between R and RH within the same environment because reward scales and HV
reference points differ across environments. R and RH use the same reference
point within each environment; achieved returns outside its region are excluded
only from HV. EU is negative when the environment expresses outcomes as neg-
ative costs or penalties; it is not inherently bad, and a higher (less negative) EU
still indicates better performance within that environment. The Front sizes of
500 for Walkroom9 and 2,500 for MO-Reacher reflect the bounded replay subset,
not the true Pareto-front size or the achieved ND count.
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4.4 Comparison and Conclusions
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Figure 4.1: Pareto front recovered by the return-only PCN variant on Minecart.
Blue points show the final logged learning front (the evaluation commands); or-
ange crosses show the returns achieved when those commands are rolled out
greedily. Axes are the two ore-return objectives and the fuel-return objective.
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Figure 4.2: Achieved non-dominated return fronts of the return-only (R; blue cir-
cles) and return-plus-horizon (RH; orange triangles) PCNs in four representative
two-objective environments. Each point is an achieved return from a greedy roll-
out of a final logged command, and each legend reports the number of achieved
returns that remain non-dominated. The fronts nearly coincide on DST and
Walkroom2, whereas R retains more non-dominated achieved points on MO-
MountainCar (31 versus 27) and Reward-Line (11 versus 8).

Most environments, including all custom grids, show identical or near-identical

metrics. R’s wins largely reflect more achieved returns remaining non-dominated:

Minecart has 22 versus 18 and Reward-Line 11 versus 8. Figure 4.1 shows that

Minecart’s achieved returns track its logged front, while Figure 4.2 directly com-

pares the achieved R and RH fronts in four representative two-objective envi-

ronments. Differences in algorithms, budgets, metrics, and reporting prevent

comparison with prior PCN and Minecart results [15; 22]. RH wins concentrate

in MO-Reacher and the 5–8-objective Walkrooms, where it retains larger fronts

or slightly better HV or EU.

Conclusions. Under the shared protocol, R is broadly comparable to RH rather

than superior. RH’s high-dimensional advantages indicate that temporal condi-

tioning can still help, but removing it with the two retained biases causes no

systematic loss in these environments. This is sufficient for Chapters 5 and 7.
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Chapter 5

Command-Space Counterfactuals

This chapter defines CF-ZOO, a black-box search for a bounded, minimal com-

mand perturbation that makes a foil action greedy at a fixed state. It combines

a targeted margin loss, boundary-seeded directional initialization, and finite-

difference refinement; a white-box Carlini–Wagner method provides a stronger-

access baseline.

5.1 Counterfactual Formulation and Boundary-

Seeded Search

Notation and explanation problem. Let st denote the state at timestep t,

and let Rt ∈ Rm denote the remaining desired-return command. The trained

return-conditioned PCN induces action scores (log-probabilities):

ℓθ(st, Rt) =
(︁
ℓθ,1(st, Rt), . . . , ℓθ,|A|(st, Rt)

)︁
. (5.1)

Only valid actions are considered. Let A(st) be the valid action set at st. Invalid

actions are excluded by an action mask that assigns them an effectively negligible
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5.1 Counterfactual Formulation and Boundary-Seeded Search

score:

ℓ̃θ,a(st, R) =

⎧⎪⎨⎪⎩ℓθ,a(st, R), a ∈ A(st),

−∞, a /∈ A(st).

(5.2)

The original greedy action is:

a⋆ = argmax
a∈A(st)

ℓ̃θ,a(st, Rt). (5.3)

A foil action af ∈ A(st) is selected such that af ̸= a⋆. The explanation

problem is to find a perturbation δ ∈ Rm such that the counterfactual command

Rcf = Rt + δ (5.4)

causes the foil action to become greedy:

af = argmax
a∈A(st)

ℓ̃θ,a(st, Rcf). (5.5)

State st and parameters θ remain fixed: the policy selected a⋆ under Rt but would

select af under Rcf .

Feasible command region and normalized perturbations. Counterfac-

tual commands are restricted to a feasible box:

C = {R ∈ Rm : Rmin ≤ R ≤ Rmax}, (5.6)

where the inequalities are componentwise and the bounds are the per-objective

return ranges fixed in the environment setup. The projection onto this box is:

ΠC(R)i = min (max(Ri, Rmin,i), Rmax,i) . (5.7)
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5.1 Counterfactual Formulation and Boundary-Seeded Search

Because objectives may have different numerical ranges and units, raw pertur-

bation distances are not comparable across objectives. Perturbations are therefore

measured in normalized command coordinates. Define:

D = diag(σ1, . . . , σm), σi = Rmax,i −Rmin,i. (5.8)

If an objective range is zero or numerically invalid, its scale is set to one. Using

the column-vector convention of this chapter, the min–max-normalized form of

any feasible command R is

R̄ = D−1(R−Rmin). (5.9)

For every objective with a positive range, this is componentwise

R̄i =
Ri −Rmin,i

σi

=
Ri −Rmin,i

Rmax,i −Rmin,i

. (5.10)

Thus Rmin,i maps to zero and Rmax,i maps to one, while intermediate values retain

their relative position within the objective’s range.

Apply this normalization to both the current command and the counterfactual

command Rcf = Rt + δ:

R̄t = D−1(Rt −Rmin), R̄cf = D−1(Rt + δ −Rmin). (5.11)

The perturbation in normalized command space is their difference:

z = R̄cf − R̄t (5.12)

= D−1[(Rt + δ −Rmin)− (Rt −Rmin)] (5.13)

= D−1δ. (5.14)
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5.1 Counterfactual Formulation and Boundary-Seeded Search

The lower-bound offset cancels because it is subtracted from both commands.

Equivalently, δ = Dz. The scaled command distance is therefore:

dD(Rcf , Rt) =
⃦⃦
D−1(Rcf −Rt)

⃦⃦
2
. (5.15)

The projected command associated with a normalized perturbation z is:

R(z) = ΠC (Rt +Dz) . (5.16)

Thus optimization evaluates only feasible commands.

Target margin. The target margin measures how strongly the foil action is

preferred over all other valid actions. Define the strongest non-foil competitor:

bf (R) = argmax
a∈A(st), a̸=af

ℓ̃θ,a(st, R). (5.17)

The foil margin is:

Mf (R) = ℓ̃θ,af (st, R)− ℓ̃θ,bf (R)(st, R). (5.18)

The foil is greedy when Mf (R) ≥ 0. To avoid an unstable boundary solution, a

confidence margin κ ≥ 0 requires Mf (R) ≥ κ. The corresponding hinge loss is

Hf (R) = max (κ−Mf (R), 0) . (5.19)

Thus Hf (R) = 0 exactly when the foil beats every valid competitor by at least κ.
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5.1 Counterfactual Formulation and Boundary-Seeded Search

Counterfactual optimization objective. The black-box counterfactual ob-

jective, in normalized coordinates, is:

L(z) =
⃦⃦
D−1 (R(z)−Rt)

⃦⃦2

2
+ cHf (R(z)), (5.20)

where c > 0 weights the targeted flip penalty. The terms penalize normal-

ized command distance and failure to prefer the foil. The objective adapts the

Carlini–Wagner targeted margin [59] to ZOO’s black-box setting [61]; here the

perturbation explains command-dependent action preference rather than induc-

ing adversarial misclassification.

A valid candidate satisfies Mf (Rcf) ≥ κ; the closest valid candidate under dD

is preferred.

Boundary-seeded directional initialization. Local optimization can stall

on a flat or non-convex command–action surface, or far from a foil region. Bound-

ary seeding supplies a better initial direction. It adapts Cheng et al.’s direction-

and-boundary-distance formulation for hard-label attacks [64], using the foil-

greedy command region as the target and the Pareto archive as the directional

prior.

Let

F = {Rfront
1 , . . . , Rfront

N } (5.21)

be the logged Pareto-front archive of the trained run. Suppose the command

originally selected at the beginning of the rollout is Rdes. At timestep t, the

return already collected is:

Rcol
t = Rdes −Rt. (5.22)

Each archive point is converted into the remaining command that would still be
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5.1 Counterfactual Formulation and Boundary-Seeded Search

required to reach it: ˆ︁Rj = Rfront
j −Rcol

t . (5.23)

Projected residuals serve as outcome-consistent behavioural anchors. The largest-

margin anchor,

j⋆ = argmax
j

Mf

(︂
ΠC( ˆ︁Rj)

)︂
, (5.24)

provides only a coarse direction. Its displacement from the current command,

d = ΠC( ˆ︁Rj⋆)−Rt, (5.25)

defines a directional prior: for each objective dimension i,

qi =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
+1, di > 0,

−1, di < 0,

0, di = 0.

(5.26)

The search may respectively increase, decrease, or freely vary component i, pro-

ducing a Pareto-informed cone of directions.

Directional ray search and binary refinement. Candidate directions are

sampled in normalized coordinates from a standard Gaussian and normalized to

unit length:

v ∼ N(0, Im), u =
v

∥v∥2
, (5.27)

then projected to satisfy the sign restrictions defined by q. A command ray is:

R(α;u) = ΠC (Rt + αDu) , α ≥ 0. (5.28)
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5.2 Zeroth-Order Coordinate Refinement (ZOO-ADAM)

The maximal step αmax(u) keeps the ray inside the feasible box and sign restric-

tions. A direction is discarded unless its endpoint satisfies the margin; otherwise

the smallest successful step along it is sought:

αf (u) = inf {α ∈ [0, αmax(u)] : Mf (R(α;u)) ≥ κ} . (5.29)

Binary search over [0, αmax(u)] retains the successful half-interval for K = 16

steps, leaving at most 2−K ≈ 1.5 × 10−5 of the original interval. Since foil re-

gions may be disconnected, this is the nearest success consistent with evaluated

midpoints, not a certified global infimum.

The closest successful ray candidate under Eq. (5.15) seeds local refinement:

Rseed = argmin
Rray(u)

dD(Rray(u), Rt). (5.30)

If none succeeds, local zeroth-order search starts at the original command.

5.2 Zeroth-Order Coordinate Refinement

(ZOO-ADAM)

ZOO-style coordinate optimization [61] refines the seed by finite-difference queries

to the PCN at fixed st, optimizing normalized perturbation z under Eq. (5.20).

At each iteration, a coordinate i ∈ {1, . . . ,m} is sampled uniformly and the

partial derivative is estimated by a centered finite difference:

ˆ︃∇iL(z) =
L(z + hei)− L(z − hei)

2h
, (5.31)

where ei is the i-th basis vector and h > 0 the step. This estimate drives the
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5.3 White-Box C&W Baseline

original coordinate-wise ZOO-ADAM rule [61]:

mi ← β1mi + (1− β1)ˆ︃∇iL(z), (5.32)

vi ← β2vi + (1− β2)
[︂ˆ︃∇iL(z)

]︂2
, (5.33)

with bias correction

ˆ︁mi =
mi

1− βni
1

, ˆ︁vi = vi
1− βni

2

, (5.34)

where ni counts the updates applied to coordinate i. The coordinate is then

updated as

zi ← zi − η
ˆ︁mi√ˆ︁vi + ϵ

. (5.35)

The implementation uses β1 = 0.9, β2 = 0.999, ϵ = 10−8, η = 0.01, and h = 10−3.

Each update changes one coordinate and records the closest valid R(z). Only

objective evaluations, not PCN gradients, are required.

5.3 White-Box C&W Baseline

The white-box WHITE-CW baseline uses the same state, feasibility box, and va-

lidity condition, but optimizes the targeted L2 Carlini–Wagner attack [59] imple-

mented in the Adversarial Robustness Toolbox [79]. Its classifier maps command

perturbation ∆ to masked scores ℓ̃θ(st, Rt +∆) for target af and optimizes

min
∆
∥∆∥22 + cΦaf (Rt +∆), (5.36)

where Φaf is the targeted classification loss and the final command is projected

to the feasible box, Rcf = ΠC(Rt +∆).

WHITE-CW differentiates through the policy; CF-ZOO uses only score
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5.4 Interpretation

queries. Their comparison tests whether gradient access alone suffices, not two

methods with identical access.

5.4 Interpretation

Each query is one PCN evaluation at fixed st and a candidate R. Anchors cost

one query each; directions cost an endpoint query plus 16 queries for a success-

ful binary refinement; and each ZOO-ADAM iteration costs two finite-difference

queries plus one updated-command query. The global budgets and measured

runtime scaling are reported in Appendix A.

The pair (st, Rt) ↦→ a⋆ and (st, Rcf) ↦→ af attributes the action change to the

command, not to the environment. Positive ∆Ri asks more of objective i; negative

∆Ri relaxes it. The explanation is a local command-space displacement crossing

an action boundary. Because Rcf is a PCN input, it is directly issuable, although

its rollout need not attain the requested return. This differs from counterfactual

states that may be dynamically unreachable [38; 41]: RACCER asks how to reach

a state where the foil is chosen [41], whereas this method changes the command

at the original state.

The seven RL counterfactual desiderata [38] specialize as follows. Validity is

Mf (Rcf) ≥ κ; proximity is ∥D−1(Rcf −Rt)∥2, which keeps the requested trade-off

close to the original command; and actionability follows because the command is

directly issuable. Sparsity means changing few objectives, although the present

objective minimizes distance rather than ℓ0. In practice, the explanations are

usually sparse, changing 1 or 2 entries. Feasible bounds and Pareto anchors

approximate manifold closeness without proving it. Causality is the local inter-

vention that fixes state and model, while one-step recourse reissues Rcf .
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5.5 Assumptions and Limitations

5.5 Assumptions and Limitations

The following assumptions bound its outputs.

Fixed state and policy; local scope. Holding st and θ fixed establishes only

an immediate greedy-action change. It does not guarantee a successful trajectory,

good termination, or attainment of Rcf .

Feasibility versus attainability. A command is feasible when every objective

lies within its allowed numerical bounds. This does not mean that a trajectory

can actually achieve that combination. Being near a logged anchor makes a

command more plausible, but is not proof: its objectives may be impossible to

achieve together or it may lie in a region rarely seen during training.

Meaningful command use. The method works only when the PCN uses the

command at the selected state. If many commands produce almost the same

action scores, there may be no nearby action boundary, so the search may fail

or require a large change. This can result from a state that strongly favours one

action or from representational collapse, where the network ignores its command

input [26]. Chapter 7 measures this sensitivity directly.

Failure taxonomy. Failure is ambiguous. The foil may never be greedy inside

the box; a valid region may exist but be missed under the finite query budget; the

state may dominate the decision; or the required command may lie outside the

policy’s learned support. Failure therefore does not prove command insensitivity.

Chapter 6’s grid proves feasibility when it finds a successful command, but a grid

can prove impossibility only as a heuristic because a solution may lie between

sampled points.
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Chapter 6

Counterfactual Experiments

This chapter compares CF-ZOO with a white-box baseline, tests it over a

large case set, diagnoses failures, and examines qualitative cases. It uses the

eight-environment subset defined in Chapter 3: Branch-Path, Breakable-Bottles,

Collect-Two, Deep Sea Treasure, Fruit-Tree, Minecart, Resource-Gathering, and

Reward-Line. All evaluated agents are return-only PCNs from Chapter 4. Suc-

cess rates use Wilson 95% confidence intervals [80]; distances are mean scaled L2

distances (Eq. (5.15)) over successes.

Each case is a rollout state st, remaining command Rt, greedy action a⋆, and

valid foil af ̸= a⋆. Logged front commands generate greedy rollouts; selected

(st, Rt) pairs are combined with valid foils. With state and policy fixed, success

means finding a feasible Rcf that achieves margin κ within budget.

The stress test combines all front commands, sampled timesteps, and valid

foils. The shared white-box benchmark is a subset limited to 12 front commands,

early timesteps, and the two highest-probability foils per state. See Appendix A.
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6.1 Comparison with the White-Box Baseline

6.1 Comparison with the White-Box Baseline

Table 6.1 compares gradient-based WHITE-CW with black-box CF-ZOO on 797

shared cases. Both methods receive the same state, starting command, foil,

bounds, and required margin κ = 0.05; success therefore has the same definition.

Their model access differs.

Environment Method Cases Succ. Rate % [95% CI] Dist.

Branch-Path WHITE-CW 35 7 20.0 [10.0, 35.9] 0.270
Branch-Path CF-ZOO 35 25 71.4 [54.9, 83.7] 0.416
Breakable-Bottles WHITE-CW 8 2 25.0 [7.1, 59.1] 0.017
Breakable-Bottles CF-ZOO 8 6 75.0 [40.9, 92.9] 0.030
Collect-Two WHITE-CW 136 29 21.3 [15.3, 28.9] 0.514
Collect-Two CF-ZOO 136 136 100.0 [97.3, 100.0] 0.444
Deep Sea Treasure WHITE-CW 136 14 10.3 [6.2, 16.5] 0.014
Deep Sea Treasure CF-ZOO 136 50 36.8 [29.1, 45.1] 0.152
Fruit-Tree WHITE-CW 84 83 98.8 [93.6, 99.8] 0.130
Fruit-Tree CF-ZOO 84 84 100.0 [95.6, 100.0] 0.121
Minecart WHITE-CW 240 116 48.3 [42.1, 54.6] 0.098
Minecart CF-ZOO 240 208 86.7 [81.8, 90.4] 0.153
Resource-Gathering WHITE-CW 10 0 0.0 [0.0, 27.8] –
Resource-Gathering CF-ZOO 10 4 40.0 [16.8, 68.7] 1.186
Reward-Line WHITE-CW 148 71 48.0 [40.1, 56.0] 0.380
Reward-Line CF-ZOO 148 124 83.8 [77.0, 88.9] 0.363

All WHITE-CW 797 322 40.4 [37.0, 43.8] –
All CF-ZOO 797 637 79.9 [77.0, 82.6] –

Table 6.1: Comparison of CF-ZOO with the white-box WHITE-CW baseline on
the shared 797-case benchmark. WHITE-CW is the targeted L2 Carlini–Wagner
attack from the ART [59; 79]; it shares cases, bounds, and margin condition but
uses gradients rather than a query budget. Success-rate intervals are Wilson score
95% confidence intervals. Dist. is the mean scaled L2 distance over successful
counterfactuals only; failed cases are excluded from distance averages.

WHITE-CW succeeds in 322 cases (40.4%) and CF-ZOO in 637 (79.9%), with

a large gap except on Fruit-Tree. Successful WHITE-CW perturbations can be

smaller, but its local search often misses distant foil regions: on DST it solves 14

cases at mean distance 0.014, compared with CF-ZOO’s 50 at 0.152. Boundary

37



6.2 Command-Space Decision Landscapes

seeding therefore improves reach, although the methods have different access.

Figure 6.1 shows that ray search seeds most solved cases, ZOO adds successes

and reduces many distances, and final binary search removes residual magnitude.

The gain over WHITE-CW indicates that Pareto-informed boundary seeding con-

tributes materially.
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Figure 6.1: Stage outcomes of CF-ZOO on the 797-case benchmark: number of
cases with a successful ray seed, cases solved after ZOO refinement, cases in which
ZOO improved the seed, cases in which the final binary refinement improved the
selected candidate, and the final success counts of CF-ZOO and WHITE-CW.

6.2 Command-Space Decision Landscapes

Figure 6.2 maps Mf (R) over two command dimensions in four cases, fixing state,

foil, and other dimensions. Red favours the foil, blue another action, and the con-

tour marks Mf (R) = κ; markers show both solutions, the original command, and

the nearest front anchor. A closer look at the command space helps explain why

the two methods behave differently. The figure shows four representative two-
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6.3 Combinatorial Stress Test

dimensional slices of the command space. In panels (a), (c), and (d), WHITE-CW

finds no valid counterfactual, so its marker overlaps the original command; only

in panel (b) does it reach the validity margin. The arrows show the local direction

of increasing foil margin and are diagnostic. In panel (a), this direction is poorly

aligned with a nearby valid region, while panel (c) shows that even an apparently

useful local direction does not guarantee success. These landscape figures there-

fore illustrate how such landscapes can limit purely local optimization. Using

nonlocal rays, CF-ZOO reaches a foil-valid region in all four cases.
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Figure 6.2: Command-space decision landscapes for four qualitative showcase
cases (Branch-Path, Collect-Two, Minecart, and Deep Sea Treasure; each panel
title states the requested action flip and the rollout timestep). The heat map is
the foil margin Mf (R); the red contour is the decision boundary. Markers show
the original command (circle), the WHITE-CW solution (cross), the CF-ZOO
solution (star; outlined when successful), and the nearest Pareto-front anchor
(diamond); arrows show the local margin gradient. Axes are true command
values in reward units.

Flat regions and weak gradients trap local optimization. CF-ZOO instead

crosses a boundary along a front-informed direction and refines back toward Rt;

its solutions lie near learned decision boundaries.

6.3 Combinatorial Stress Test

The stress test covers all available front commands, sampled timesteps, and valid

foils, including foils that may be implausible or unreachable (Table 6.2).
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6.4 Feasibility Diagnosis

Environment Cases Succ. Rate % [95% CI] Dist.

Branch-Path 44 30 68.2 [53.4, 80.0] 0.466
Breakable-Bottles 8 6 75.0 [40.9, 92.9] 0.030
Collect-Two 152 152 100.0 [97.5, 100.0] 0.493
Deep Sea Treasure 243 70 28.8 [23.5, 34.8] 0.641
Fruit-Tree 672 672 100.0 [99.4, 100.0] 0.231
Minecart 1846 1341 72.6 [70.6, 74.6] 0.360
Resource-Gathering 29 10 34.5 [19.9, 52.7] 1.131
Reward-Line 201 141 70.1 [63.5, 76.0] 0.525

Total 3195 2422 75.8 [74.3, 77.3] –

Table 6.2: Combinatorial stress test of CF-ZOO at the standard budget of 9,001
queries per case. Each case is a state, command, and valid foil action. Success-
rate intervals are Wilson score 95% confidence intervals; Dist. is the mean scaled
L2 distance over successful counterfactuals.

CF-ZOO solves 2,422 cases (75.8%). It solves every Collect-Two and Fruit-

Tree case and remains effective on continuous-state Minecart. Lower rates on DST

and Resource-Gathering may reflect state constraints or unsupported foils, while

varying distances show that explanation magnitude is environment-dependent.

6.4 Feasibility Diagnosis

Table 6.3 summarizes the diagnostic outcome categories obtained after rerunning

the standard-budget failures with the higher query budget and finite-grid check.

Outcome Cases % all [95% CI] % feasible [95% CI]

Success† 2515 78.7 [77.3, 80.1] 94.4 [93.5, 95.2]
Grid-infeasible foil 531 16.6 [15.4, 18.0] –
Search-limited failure 149 4.7 [4.0, 5.5] 5.6 [4.8, 6.5]

Table 6.3: CF-ZOO outcome partition at the 100k diagnostic budget. Feasibility
in this diagnostic is established by either a successful search or a valid command
on the finite dense grid. The % feasible column is computed over these 2,664
cases (successes plus search-limited failures). † Includes 93 extra cases recovered
by raising the budget to 100k. Brackets are Wilson score 95% confidence intervals.

To distinguish optimizer failure from absence of a tested solution, all 773
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6.5 Qualitative Worked Examples

failures were rerun at a 100,000-query budget and scanned independently on a

lattice of 201 values per command dimension (200 subdivisions, abbreviated as

a 200-point grid in the paper). If no grid command flips the action, the foil

is labelled grid-infeasible; this refers only to the finite grid and does not prove

infeasibility between its points. A valid grid command missed by the search is

labelled a search-limited failure.

The high budget recovers 93 additional cases, raising success from 2,422

(75.8%) to 2,515 (78.7%, CI [77.3, 80.1]). The grid classifies 531 foils as grid-

infeasible (16.6%, CI [15.4, 18.0]) and finds valid commands in 149 cases that CF-

ZOO still misses, classified as search-limited failures (4.7%, CI [4.0, 5.5]). Among

the 2,664 cases shown feasible by search or grid, CF-ZOO therefore solves 94.4%

(CI [93.5, 95.2]), leaving 5.6% search-limited failures. Because the grid is finite,

grid-infeasible does not mean formally impossible.

6.5 Qualitative Worked Examples

Branch-Path. We select Rt = (3, 1), which prioritizes objective A. At timestep

t = 1, the remaining command is still Rt = (3, 1). The valid actions are up and

down. The PCN assigns probability 0.995 to up and 0.005 to down, so a⋆ = up.

We choose the foil af = down. The search returns Rcf = (0.2953, 1.464) and

δR = (−2.7047, 0.464). Under Rcf , the greedy action changes from up to down.

The intuitive explanation here is: At this state, the agent goes up because the

current command strongly asks for objective A. If the user instead asked for

much less A and somewhat more B, the same agent in the same state would go

down. The upward action is therefore not arbitrary: it is tied to the command’s

preference for A.
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6.5 Qualitative Worked Examples

Collect-Two. At timestep t = 0, the agent is at the center state with command

Rt = (0, 0, 0.8, 1). This command values objective C, but values objective D most.

The PCN assigns probabilities 0.145, 0.128, 0.132, and 0.595 to right, up, left, and

down, respectively. Therefore, a⋆ = down. We choose af = right. The search

returns Rcf = (0, 0, 0.8, 0.8437) and δR = (0, 0, 0,−0.1563). Under Rcf , we are

making right greedy. We can explain this as: At the center, the agent goes down

because objective D is requested slightly more strongly than objective C. If the

desired return for D were reduced and made similar to C, the agent would instead

go right toward C. If the agent values them both similarly, it would go right. This

is a sparse explanation: only one objective in the command needs to change.

Minecart. At timestep t = 5, the state is st = [0.4876, 0.1991, 0.03, 0.0872,

0.9962, 0, 0], corresponding to a cart near (x, y) = (0.488, 0.199), moving

slowly, approximately facing east, with empty cargo. The command is Rt =

(0.28, 1.22,−0.96), where the first two dimensions are ore objectives and the third

is fuel-related. The PCN assigns probabilities 0.999860, 0.000005, and 0.000134

to Left, Right, and None, respectively, so a⋆ = Left. We choose af = Right.

The search returns Rcf = (0.3476, 1.22,−0.96) and δR = (0.0676, 0, 0). Under

Rcf , Right becomes greedy, which is consistent with a sensible learned trade-off.

This can be explained as: Given the state, the agent strongly turns left under the

original command. If the user requested slightly more of the first ore objective,

while leaving the second ore objective and fuel command unchanged, the same

agent would instead turn right. Increasing the desired amount of ore 0 makes the

policy stop steering toward the nearby mine containing only ore 1 and instead

steer clockwise toward mines that contain ore 0.
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Chapter 7

Goal Influence: How Much Does

the Command Matter?

Counterfactuals identify command changes that flip one action but not whether

the command matters at that state. Some actions in a rollout may be driven

mainly by the state, while others depend strongly on the command. Since a failed

search does not show that the command is irrelevant (Section 5.5), this chapter

introduces and validates goal-influence measures in ten environments described

in Chapter 3. Various tests are performed to assess these methods.

7.1 Confidence and Goal-Influence Measures

A peaked πθ(· | st, Rt) may mean either that the state forces one action or that the

command decisively selects among alternatives. Entropy, confidence, and margin

from one distribution cannot distinguish these cases.

Influence is therefore contrastive across commands: it measures departure

from the same policy’s generic behaviour at the same state. It is zero when

behaviour is command-invariant, regardless of confidence.
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7.1 Confidence and Goal-Influence Measures

Goal-conditioned and broad-generic distributions. Fix a visited state st,

its valid-action set A(st), and the remaining desired-return command Rt. The

trained policy and state remain fixed throughout the calculation. Querying the

policy with the command that the agent is currently following gives

pgoal(·) = πθ(· | st, Rt), (7.1)

where the dot denotes the complete vector of actions. Invalid actions are as-

signed zero probability and the valid probabilities are renormalized to sum to

one. Hence, pgoal describes what the policy will do under the actual command

Rt. One query cannot, however, show whether changing that command would

change the decision.

The method therefore queries the same policy at the same state using many

generic commands. Let Pt be the set of unique probe commands generated for

this decision. Every member of Pt is a command vector denoted Rprobe and

constructed by Equation (7.3). Their average action distribution is the broad-

generic baseline

pbase(·) =
1

|Pt|
∑︂

Rprobe∈Pt

πθ(· | st, Rprobe), (7.2)

where |Pt| is the number of unique probes. Thus, the Rprobe in the sum is one

generated probe command, not the actual command Rt. For every probe, the

policy returns a probability vector while st stays unchanged; these vectors are

then averaged component by component.

The probe directions cover three kinds of comparison in an m-objective com-

mand space. The axes ±ej change one objective at a time, where ej has value one

in coordinate j and zero elsewhere. The 2m sign corners {+1,−1}m change all

objectives together under every positive–negative combination; for two objectives

these are (+,+), (+,−), (−,+), and (−,−). Finally, the direction of Rt retains
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7.1 Confidence and Goal-Influence Measures

the relative proportions of the current request while discarding its magnitude.

Let C = [Rmin, Rmax] be the feasible command box and let σ = Rmax − Rmin

contain the numerical range of every objective. Each unit direction u is tested at

50 scale fractions f ∈ {0.02, 0.04, . . . , 1.00}:

Rprobe
u,f = ΠC(f · (σ ⊙ u)) , σ = Rmax −Rmin, (7.3)

First, σ⊙u multiplies each direction component by that objective’s feasible range.

Next, f chooses between 2% and 100% of that scaled direction. Finally, ΠC clips

every component to its allowed interval.

Because the construction uses directions and command bounds rather than

the size of Rt or the logged front, it requires only black-box policy probabilities

and remains independent of the logged-front.

Scores. Goal influence at st is the divergence between the goal-conditioned

distribution and the broad-generic baseline. The primary signal is the Kullback–

Leibler divergence [81], in nats,

IKL(st, Rt) = DKL(pgoal ∥ pbase) =
∑︂

a∈A(st)

pgoal(a) log
pgoal(a)

pbase(a)
∈ [0,∞). (7.4)

This direction weights actions intended under the current command and grows

when they are unlikely under the baseline. Three companions reuse the same

distributions and probes. Total variation

ITV = 1
2

∑︂
a

|pgoal(a)− pbase(a)| ∈ [0, 1] (7.5)
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7.1 Confidence and Goal-Influence Measures

is the probability mass moved. Jensen–Shannon divergence [82]

IJS = 1
2
DKL(pgoal∥p̄) + 1

2
DKL(pbase∥p̄), p̄ = 1

2
(pgoal + pbase), (7.6)

is symmetric and bounded by ln 2. Finally, the probe-flip fraction asks how often

changing the command changes the policy’s most probable valid action:

Iflip =
1

|Pt|
∑︂

Rprobe∈Pt

1

[︃
argmax

a
πθ(a | st, Rprobe) ̸= argmax

a
πθ(a | st, Rt)

]︃
(7.7)

For each probe command, argmaxa selects the action assigned the highest prob-

ability. The indicator 1[·] equals one when this action differs from the action

selected under the actual command Rt, and zero when it is the same. Summing

these values and dividing by |Pt| therefore gives the proportion of probes that

change the greedy action. Unlike the averaged baseline, it examines every probe

separately and can therefore reveal action changes that averaging may conceal.

Together, the measures describe command influence from two perspectives:

KL, TV, and JS quantify how far the current action distribution is from the

broad-generic baseline, while Iflip records how often alternative commands change

the greedy action. They measure sensitivity to the command at a fixed state.

Trajectory profiles. Plotting per-state IKL along a rollout gives a goal-

influence profile (Figure 7.1). High points in the profile show moments when the

command strongly affects the agent’s choice. Low points show moments when

the current state leads the agent toward the same action regardless of the com-

mand. The complete profile therefore reveals whether the goal matters through-

out the journey or only at a few important decisions. Despite consistently high

confidence, command influence varies by an order of magnitude, distinguishing

trade-off-driven from state-forced decisions.

46



7.2 Faithfulness Validation
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Figure 7.1: Goal-influence profile along the 27-step Minecart rollout of front
command 7 (desired return (0.42, 1.08,−1.24)). The four signals of Section 7.1
are plotted per timestep, with the greedy action annotated. IKL ranges from 0.34
to 4.18 nats (mean 1.39) along this trajectory and peaks at t = 9: the command
is decisive at a few steering decisions and near-irrelevant elsewhere, even though
the policy is confident throughout.

7.2 Faithfulness Validation

Test are needed. Validation asks whether a high probe-based score really corre-

sponds to stronger behavioural changes when many more commands are tested.

Behavioural ground truth. One approach is to compare with an oracle. At

each evaluated state, the state and policy remain fixed while reference commands

are tested across the command box. Up to three objectives use a regular grid

with 200 values per objective; higher dimensions use 50,000 fixed-seed uniform

samples, per dimension. For each reference command, we record the policy’s

most probable action and compare it with the action chosen under the original

command Rt. The flip fraction is the proportion of these commands that change

the action. It therefore measures how often the policy’s decision changes when

the command is varied and is used to calculate the ρfrac results in Table 7.1. A
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7.2 Faithfulness Validation

state is goal-active when at least one flip exists; this yes–no result provides the

labels used by AUROC and, when averaged across states, the Active column.

A useful influence score should agree with these three answers. The symbol ρ

denotes Spearman rank correlation, which compares rankings rather than exact

numerical values. The column ρfrac checks whether states with higher influence

also have larger flip fractions; values closer to 1 are better. AUROC checks

whether the score distinguishes goal-active from inactive states [83]; 1 is perfect

and 0.5 is chance. It can be interpreted as the chance that a randomly chosen

active state receives a higher score than a randomly chosen inactive state, so both

kinds of state are required. Minecart, Three-Tree, Collect-Two, and Fruit-Tree

contain only active states; without an inactive comparison class, their AUROC

is mathematically undefined and reported as n/a, not as zero. The column ρnear

asks whether an action-changing command is closer when the measured influence

is higher. The expected value is negative because the two quantities move in

opposite directions: influence rises while the required command distance falls. A

value of −1 means this pattern holds perfectly across the ranked states, whereas a

value near zero means that higher influence does not consistently correspond to a

closer flip. A nearest-flip distance exists only when at least one tested command

changes the action, so states with no observed flip are excluded.

Cross-environment results. Table 7.1 summarizes validation on ten environ-

ments. Active is the proportion of states where at least one reference command

changes the greedy action; for example, 0.82 means that this happens at 82% of

the states. The three columns under IKL test the KL score against the GT. The

final ρfrac column performs the same ranking test for Iflip: it checks whether states

that flip under many structured probe commands also flip under many commands

in the GT. A value near 1 means that the two methods rank the states similarly.
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7.2 Faithfulness Validation

Appendix B reports the complete comprehensive results for all scores.

The results generally support IKL. In nine environments, ρfrac is 0.67–0.80,

and the mean across all ten is approximately 0.71. Thus, states with higher KL

influence usually change action under more reference commands. Where AUROC

can be calculated, it is 0.76–0.98, showing that KL separates active from inactive

states better than chance (0.5). Every ρnear is negative, so stronger KL influence

usually means that a smaller command change can flip the action.

Minecart is the main exception, with ρfrac = 0.421 for IKL. Its action distri-

butions are often peaked, meaning that the policy assigns almost all probability

to one action. KL has no fixed maximum, so it can become very large when the

baseline assigns that action a very small probability. These large values can dis-

turb the ranking of states and weaken the correlation. On Breakable-Bottles, Iflip

is weak (0.079, compared with 0.688 for KL) because the most probable action

rarely changes, even when its probability changes.

IKL faithfulness Iflip
Env. m |A| States GT Active ρfrac AUROC ρnear ρfrac
Branch-Path 2 4 39 grid 0.82 0.793 0.964 −0.166 0.816
Deep Sea Treasure 2 4 96 grid 0.70 0.672 0.814 −0.372 0.862
Reward-Line 2 4 74 grid 0.97 0.742 0.757 −0.082 0.945
Minecart 3 6 184 grid 1.00 0.421 n/a −0.662 0.673
Breakable-Bottles 3 3 40 grid 0.53 0.688 0.962 −0.814 0.079
Four-Room 3 4 40 grid 0.50 0.772 0.978 −0.300 0.971
Resource-Gathering 3 4 12 grid 0.67 0.715 0.969 −0.119 0.899
Three-Tree 3 3 56 grid 1.00 0.755 n/a −0.259 0.761
Collect-Two 4 4 108 MC 1.00 0.726 n/a −0.685 0.841
Fruit-Tree 6 2 112 MC 1.00 0.799 n/a −0.174 0.798

Table 7.1: Faithfulness against the dense behavioural reference (GT). m is the
number of objectives, |A| the number of actions, States the number of rollout
states evaluated, GT the reference method (grid or Monte Carlo), and Active
the proportion of goal-active states. For IKL, ρfrac measures agreement with flip
fraction, AUROC measures active-state detection, and ρnear measures association
with nearest-flip distance. The final column gives ρfrac for Iflip; n/a means AU-
ROC cannot be computed because all states are active.
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Figure 7.2: Faithfulness of the four influence signals. In (a), values closer to 1
mean that a signal ranks states more like the dense-scan flip fraction. In (b),
AUROC 1 is perfect detection of goal-active states and the dashed 0.5 line is
chance; environments containing only active states are omitted because AUROC
requires both classes.

7.3 Observed-Command State Basis

Equation (7.2) compares the action distribution under the current command with

an average obtained from structured probes spread across the command box.
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7.3 Observed-Command State Basis

Some of those probes may never occur during a rollout. The complementary

state-basis therefore asks a more practical question: when different Pareto-front

rollouts reach the same observed state, does the remaining command change the

policy’s behaviour?

All visits with the same observation s are placed in one group. Suppose that

this group contains n visits with remaining commands R(1), . . . , R(n). At visit

i, the policy produces the action distribution pi = πθ(· | s, R(i)). The reachable

basis is their componentwise average,

p̄s(a) =
1

n

n∑︂
i=1

pi(a). (7.8)

Thus, p̄s represents the policy’s average behaviour at s under the commands that

actually occurred there. For each visit, KL divergence measures how far pi is

from this average. The state-basis influence is the mean of these divergences,

MI(s) =
1

n

n∑︂
i=1

DKL(pi ∥ p̄s) , (7.9)

which, under equal weighting of the recorded visits, is the empirical mutual in-

formation between command and action at s. A score near zero means that the

observed commands produce similar action distributions. A larger score means

that the command gives more information about how the policy behaves at that

state. If a state is visited only once, then p̄s = p1 and the score is zero because

no comparison is available. A fork is a multi-visit state at which the greedy ac-

tion changes across observed commands. Forks generally score highly, although

a state can also have positive influence when action probabilities change without

changing the greedy action. Furthermore, proof of this MI score is required.
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7.3 Observed-Command State Basis

We now use the complete action distributions to show why Equation (7.9) is

exactly mutual information, relating it to its exact formulation.

Step 1: Assign probabilities to the observed commands. Keep s fixed and select

one of its n recorded visits uniformly. Let C be that visit’s command, let Rs

contain the distinct commands, and let nc count the visits using c. Then

nc =
⃓⃓{︁
i : R(i) = c

}︁⃓⃓
,

P (c | s) := P (C = c | S = s) = qs(c) =
nc

n
,

∑︂
c∈Rs

qs(c) = 1.
(7.10)

By Equation (7.10), repeated commands receive proportionally more empirical

weight.

Step 2: Define the conditional and joint action probabilities. Let A be an action

sampled from the policy. For every valid a ∈ A(s),

P (a | c, s) := P (A = a | C = c, S = s) = πθ(a | s, c) = pc(a),

P (c, a | s) := P (C = c, A = a | S = s)

= P (c | s)P (a | c, s) = qs(c)pc(a).

(7.11)

The same action probability is written as pi(a) when the command is indexed by

the visit and as pc(a) when indexed by the command value.

Step 3: Recover the command free action distribution. Summing the joint prob-

ability over all commands removes the command identity:

P (a | s) := P (A = a | S = s)

=
∑︂
c∈Rs

P (c, a | s) =
∑︂
c∈Rs

qs(c)pc(a)

=
1

n

∑︂
c∈Rs

pc(a) ∵ qs(c) =
1

n

=
1

n

n∑︂
i=1

pi(a) = p̄s(a).

(7.12)

Thus, p̄s identifies the policy’s action distribution when the command is hidden.
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7.3 Observed-Command State Basis

Step 4: Expand the average KL divergence. Group repeated visits by command

and use DKL(p∥q) =
∑︁

a p(a) log
(︂

p(a)
q(a)

)︂
:

MI(s) =
1

n

n∑︂
i=1

DKL(pi ∥ p̄s)

=
∑︂
c∈Rs

qs(c)DKL(pc ∥ p̄s)

=
∑︂
c∈Rs

∑︂
a∈A(s)

qs(c)pc(a) log
pc(a)

p̄s(a)
.

(7.13)

Step 5: Match the formal MI definition and its expectation form. Equa-

tions (7.10)–(7.12) imply qs(c)pc(a) = P (c, a | s) and the ratio

pc(a)

p̄s(a)
=

qs(c)pc(a)

qs(c)p̄s(a)
=

P (c, a | s)
P (c | s)P (a | s)

. (7.14)

Substituting Equation (7.14) into Equation (7.13) and using P (c, a | s) = P (c |

s)P (a | c, s) gives

MI(s) =
∑︂
c∈Rs

∑︂
a∈A(s)

P (c, a | s) log P (c, a | s)
P (c | s)P (a | s)

= I(C;A | S = s)

=
∑︂
c∈Rs

∑︂
a∈A(s)

P (c | s)P (a | c, s) log P (c | s)P (a | c, s)
P (c | s)P (a | s)

=
∑︂
c∈Rs

P (c | s)
∑︂

a∈A(s)

P (a | c, s) log P (a | c, s)
P (a | s)

=
∑︂
c∈Rs

P (c | s)DKL(pc ∥ p̄s)

= EC|S=s[DKL(pC ∥ p̄s)]

=
1

n

n∑︂
i=1

DKL(pi ∥ p̄s) = MI(s).

(7.15)

Equation (7.15) starts from the standard MI definition at fixed s. The factor

P (c | s) then cancels inside the logarithm, then the inner action sum becomes a

KL divergence and the outer command sum becomes its empirical expectation.
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7.3 Observed-Command State Basis

Figure 7.3 shows a clear separation between fork and non-fork states. Mean

influence is 0.478 versus 0.050 nats on DST, 0.641 versus 0.021 on Minecart, 0.811

versus approximately zero on Three-Tree, and 0.662 versus approximately zero

on Fruit-Tree. Breakable-Bottles and Four-Room each have revisited states but

no forks, and their measured state-basis influence is zero. Resource-Gathering

has no revisited states, so all of its state scores are single-visit zeros and it is not

included in the fork comparison. Blue bars show mean influence at fork states

and green bars show it at non-fork states, while each label reports forks divided

by multi-visit states. Non-fork influence can be above zero because the greedy

action can remain the same even when its probability changes—for example, from

0.90 to 0.60. KL measures this change in the complete action distribution, so it

can detect command sensitivity even when no action flip occurs.
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Figure 7.3: Mean reachable-centroid influence (Eq. (7.9)) for fork states, where
the greedy action changes across observed commands, and non-fork multi-visit
states, where it does not. The label above each environment gives the number
of forks over the number of multi-visit states. Breakable-Bottles and Four-Room
have no forks and zero measured influence in these results. Resource-Gathering
is omitted because it has no multi-visit states.
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Chapter 8

An Interactive Explanation and

Rollout System

This chapter presents an interactive system for loading a trained PCN, selecting a

learned trade-off, inspecting a rollout, requesting a foil explanation, and executing

the counterfactual command. The system connects the numerical methods of

the preceding chapters to the decision context in which their outputs must be

interpreted. A counterfactual vector is more useful when it is shown beside the

state that produced it, and a local action flip is more informative when the

proposed command can be tested in the environment. The application supports

qualitative inspection and future human evaluation.

8.1 Purpose and Requirements

Three requirements shaped the design.

Context. Each counterfactual appears beside the rendered state, action proba-

bilities, remaining command, and collected reward at the queried timestep. This

55



8.2 System Design and User Workflow

keeps the explanation tied to one reproducible decision rather than presenting

the command change as an isolated vector. It also lets the user relate a change

in objective space to the visible situation and to the policy’s relative preference

for the selected action and foil.

Implementation fidelity. The application vendors the evaluated CF-ZOO,

C&W, model, and environment code verbatim, calls the same defaults, and ex-

poses them in settings. Consequently, an interactive query uses the same search

logic and parameter meanings as the experiments. Editable settings support

inspection without silently creating a separate application-only implementation.

Execution. Because local validity does not ensure return attainment, the

verified-realization protocol executes commands and reports when outcomes miss

the learned front. The distinction is essential: the counterfactual explains a

decision boundary at one state, whereas execution tests a longer sequence of

policy–environment interactions. The interface therefore reports both stages in-

stead of treating a successful action flip as evidence that the requested return will

be achieved.

8.2 System Design and User Workflow

The application runs entirely on the user’s computer from one launch script; it

requires no account, external service, or network connection. It has two cooperat-

ing parts. A Python JSON server loads the trained model and environment and

performs policy inference, environment steps, counterfactual search, replay, and

realization checks. An HTML/JavaScript front end provides the controls and

displays the rendered state, action probabilities, commands, and results. The

browser therefore remains a presentation layer, while all numerical results come
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8.2 System Design and User Workflow

from the same Python implementations used in the experiments.

During a session, the server keeps four related records together: the selected

model and logged front, the live environment, the exact rollout history, and the

latest counterfactual with its realization attempts. The stored history allows the

system to return to the same state and replay the same prefix instead of trying

to reconstruct a decision from scratch. Bundled checkpoint models cover the

13 non-Walkroom environments together with Walkroom-2 and Walkroom-3, in

both R and RH variants, giving 15 selectable environments. Walkroom-4 through

Walkroom-9 are omitted because their large, high-dimensional fronts are difficult

to inspect directly in an interactive interface.

An RH model normally receives both a desired return and a remaining hori-

zon. When the user requests a return-command counterfactual, a horizon-frozen

adapter keeps the horizon at the value used at the queried timestep while CF-

ZOO changes only the return. The resulting explanation therefore attributes the

action change to the return command rather than to a simultaneous change in

the time request.

From the user’s perspective, the system follows six steps:

1. Choose a model. The model gallery presents R and RH cards for the

environments shown in Figure 3.1. The user selects the environment and

policy variant before starting, so one session cannot accidentally mix check-

points. A user may also upload their own trained return-only model or

conventional return-plus-horizon PCN agent for a supported environment.

2. Understand the task. The environment explainer describes the obser-

vation, available actions, rewards, termination rule, and meaning of every

objective. This makes each coordinate of the command interpretable; for

example, a change in ∆Rj can be linked to objective j rather than read as

an unexplained number.
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8.2 System Design and User Workflow

3. Choose a desired outcome. The front picker offers returns recorded dur-

ing training and also accepts a custom return within the command bounds.

RH entries additionally contain a horizon. The chosen command remains

visible throughout the rollout.

4. Inspect the rollout. The user can advance one step at a time, play at

1–4 actions per second, or rewind. The interface shows the current frame,

remaining command, collected reward, action probabilities, and action his-

tory. Rewind restores the exact recorded prefix, allowing different foils or

search settings to be compared at the same numerical state.

5. Request an explanation. At any visited state, the user selects a valid foil

action and runs CF-ZOO or C&W with visible, editable settings. The result

panel reports whether the search succeeded, the counterfactual command

Rcf , its change ∆R, the foil margin, and the scaled distance. Rcf shows the

trade-off that produces the foil, while ∆R shows which requested objectives

must increase or decrease relative to the current command.

6. Test the continuation. The verified-realization protocol executes and

animates candidate continuations. This final step separates a command that

changes only the next action from one that also finishes near an outcome

on the model’s logged front.

The complete session can be exported as a text report. It records the model,

selected command, queried timestep, foil, explanation measurements, and real-

ization log, allowing the same observation to be reviewed later without relying

on screenshots.
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8.3 Verified Realization of a Counterfactual Command

8.3 Verified Realization of a Counterfactual

Command

A counterfactual is locally valid when Rcf makes the policy choose the foil at

the queried state. This guarantees only the next action: it does not guarantee

that the policy can follow the command for the rest of the episode or achieve its

requested return (Section 5.5). The verified-realization protocol therefore restarts

from the same recorded decision and tests complete continuations. Each tested

continuation is called an audition.

Choosing commands to audition. The protocol does not test only the raw

Rcf . The counterfactual search only needs to cross the current action boundary,

so its result may change the first action without describing a stable trajectory

learned by the policy. The protocol therefore also creates candidate commands

from the checkpoint’s logged front. At timestep t, the agent has already collected

reward Rcol
t . Because a logged point Rfront

j describes the return for a complete

episode, the corresponding remaining command is

˜︁Rj = ΠC

(︁
Rfront

j −Rcol
t

)︁
. (8.1)

Here Rfront
j − Rcol

t subtracts what has already been collected, and ΠC clips every

objective to the allowed command range. For example, if the target total return

is (5, 2) and the agent has already collected (2, 1), the remaining command is

(3, 1) before clipping.

Duplicate residuals are removed and the rest are tried in order of scaled dis-

tance to the current command Rt. The raw Rcf is also tested. Finally, a snap-once

candidate uses Rcf for the first decision so that the foil is taken, then switches

once to the nearest logged-front residual for the continuation. For RH models,
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8.3 Verified Realization of a Counterfactual Command

the logged horizon is reduced by the elapsed timestep and never allowed to fall

below one.

Testing and accepting an audition. Each audition starts from the same

decision that the user queried. The system first replays the stored actions up to

that timestep, restoring the exact state. It then applies the candidate command

and checks the policy’s next action. If this action is not the requested foil, the

candidate is rejected. If it is the foil, the system continues the rollout until the

episode ends. After the episode, the achieved total return is compared with every

return on the model’s logged front. Equation (5.15) gives the scaled distance

to each logged point; the smallest value is the audition’s final distance, and the

corresponding return is its nearest logged-front point. The audition is accepted

when this distance is below 10−3.

If no candidate passes, the interface reports the closest attempt but does

not label it as successful. For every audition, it shows the candidate command,

whether the first action was the foil, the achieved return, the nearest logged-front

point and distance, whether the episode ended normally, and an animation of the

continuation.

Meaning and limitations. Acceptance establishes two observed facts: the

continuation begins with the requested foil, and its final return lies within the

stated tolerance of the model’s logged front. The first confirms the local coun-

terfactual; the second shows that at least one tested continuation reaches an

outcome similar to one represented by the trained policy. The comparison uses

the model’s logged front, thus access is needed, and only finitely many candidates

are tested. In addition, subtracting collected reward from a front point assumes

additive returns and is exact only without discounting. Rejection therefore means

only that none of the tested continuations passed the two checks.
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8.4 Intended Use and Future Evaluation

The testbed supports Section 6.5’s examples and renderings and provides a con-

trolled setting for future human evaluation.

Command counterfactuals are deliberately local: ∆R is a sufficient change

that crosses the learned policy’s action boundary at a fixed state. This scope

isolates the effect of the requested trade-off on that decision. A sparse result

highlights which objectives need to change while allowing other valid commands.

A successful audition strengthens the explanation with rollout evidence by con-

firming the foil and comparing the realized return with the policy’s logged front.

These choices follow five areas for stronger evaluation highlighted by Keane

et al. [84]: user studies, plausibility, sparsity, coverage, and comparative testing.

This thesis contributes explicit scope, coverage and failure reporting, method

comparisons, and rollout checks; the following human-study proposal comple-

ments this technical evidence by testing understandability and usefulness.

Human studies are therefore needed, particularly with MORL and RL non-

experts. Olson et al. [39] tested whether non-experts could use counterfactual

states to identify a flawed RL agent; Amitai et al. [43] tested whether counterfac-

tual action-outcome visualizations improve understanding of agent preferences.

Both use human tasks rather than technical scores.

A similar study could ask participants to distinguish well-trained from poorly

trained agents in the same environment. A matched study could show non-expert

participants the same state, command, and foil under four conditions: no expla-

nation, action probabilities, a command counterfactual, or a counterfactual with

rollout evidence (Section 10.2). Participants would predict the action, select a

command for the foil, identify the better-trained agent, and rate their confidence.

Accuracy, response time, and confident acceptance of failed rollouts may mea-

sure usefulness and over-trust. State restoration and session logs would make the

comparison reproducible.
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Chapter 9

Discussion

This chapter answers the research questions, integrates the contributions, and

bounds the claims and validity of the evidence.

9.1 Answers to the Research Questions

RQ1: Can the PCN policy be conditioned on the return alone, and

how does this compare with return-plus-horizon conditioning? Yes.

With suffix trimming and a shorter-trajectory tie-break, return-only conditioning

is broadly comparable to RH across 21 environment configurations: 13 ties, 5 R

wins, and 3 RH wins (Table 4.1). RH advantages concentrate in MO-Reacher and

5–8-objective Walkrooms, so the evidence supports neither R nor RH dominance.

It supports return as a clean explanatory variable.

RQ2: How can local decisions be explained through minimal command

interventions, and how reliably can a black-box search find them? The

explanation must identify what should change in the requested objectives, rather

than changing the state or retraining the policy. The state and trained PCN are
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therefore held fixed while CF-ZOO searches for a nearby desired-return command

that makes the specified foil action preferred. The experiments show that this

black-box approach can find such changes for most cases in which a solution was

observed, without requiring access to policy gradients.

RQ3: How strongly does the command influence the policy at each

state, can influence be separated from confidence, and can the signal

be validated? Command influence cannot be inferred from confidence alone.

Influence is therefore measured by holding the state and policy fixed and compar-

ing the resulting action distributions under different commands. Dense command

scans can validate whether high influence corresponds to more frequent action

changes. The results generally follow these expected relationships, showing that

the measures indeed work.

RQ4: How can command-space explanations be made inspectable and

executable? The interactive system combines model and trade-off selection,

rewindable rollouts, a clear user interface, and verified realization. It is in-

spectable research infrastructure, not human-subject evidence.

9.2 Interpretation, Scope, and Validity

Return-only conditioning gives counterfactuals one objective-space intervention.

Influence then identifies where that intervention matters, while counterfactuals

state what must change.

Scope of the claims. The evidence establishes comparability, not superiority,

of R over RH. Counterfactual validity is an immediate action flip, not attainment,

good termination, or Pareto optimality; realization is an empirical test, not a
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9.2 Interpretation, Scope, and Validity

guarantee. Finite-grid and goal-active classifications are evidence rather than

impossibility proofs.

Internal and statistical validity. One seed per environment and generated

counterfactual makes the controlled comparison internally consistent but leaves

seed variance unknown; narrow wins and ties may change. Wilson intervals quan-

tify case-level uncertainty, not variation between independently trained agents.

Training-instance validity. Every counterfactual and influence score is con-

ditional on the particular trained agent. A newly trained agent given the same

environment might act differently. Even with the same architecture, hyperpa-

rameters, and training budget, a different model can produce different action

probabilities, command–action boundaries, logged fronts, and visited states. A

command change that flips the evaluated agent may therefore not flip a retrained

agent, and a state that is command-insensitive in one run given a model may be

sensitive in another.

Construct validity. Margin validity, scaled L2 proximity, influence baselines,

hypervolume reference points, and the expected-utility weight distribution are

defensible choices, not unique constructs; alternatives could change outcomes.

External validity and runtime. Small-to-medium environments use discrete

actions, with continuous states only in Minecart and lunar lander. Transfer to

continuous actions, visual observations, or substantially more than nine objec-

tives is untested. Timings are implementation-level wall-clock measurements on

Appendix A’s hardware, not complexity results.
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9.3 Positioning Command-Space Counterfactu-

als within XRL

Building on the mechanisms reviewed in Chapter 2, the central issue here is

which explanatory output supplies the evidence needed for a particular decision.

The comparison positions command-space counterfactuals by the actor using the

explanation, the evidence produced, the required resolution and system access,

and their role within XMORL.

Question and answer. A command counterfactual is a preference-sensitivity

answer for a person who can set the objective command and encounters a sur-

prising action. It provides an intervention at the existing policy’s user-facing

control interface. Visual counterfactuals such as Olson et al., GANterfactual-RL,

and SAFE-RL naturally support investigation of perceptual evidence [39; 46; 47].

RACCER and ACTER support an operator seeking reachable recourse [41; 42],

whereas COUNTERPOL supports a designer considering a changed policy [44].

These methods address different kinds of change.

Type of evidence. Different methods answer different questions. Reward de-

composition and trade-off explanations show which rewards or objectives sup-

port the current action [49; 50]. The proposed method instead asks how much

the requested trade-off must change before the policy chooses the foil. COViz

shows what happens after the current and alternative actions [43], while policy-

set and trajectory methods summarize broader patterns across policies or trajec-

tories [54; 56]. Their answers may differ because they examine different parts of

the decision. For example, the rewards may clearly support an action even though

nearby commands do not change it. Conversely, a small command change may

flip the action but lead to a poor later outcome. Each method should therefore
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be judged by its own purpose: whether the alternative input is plausible, the

command change is small, the proposed sequence is reachable, or the reported

outcome is actually achieved.

Resolution and access. Command-space explanations trade breadth for a

controlled test of one decision. It needs black-box policy queries, a foil, meaning-

ful objective scaling, and feasible command bounds; Pareto anchors additionally

seed the search from logged-front returns (Section 5.1). Visual methods need a

defensible alternative observation [39; 46; 47]. Outcome and recourse methods

typically need rollout or transition access [41; 42; 43], while global summaries

need a collection of policies or recorded trajectories [54; 56]. The command inter-

vention is consequently attractive when changing or retraining the policy is not

intended.

Role within XMORL. Multi-objective decision support operates at several

resolutions. Policy summarization helps navigate broad solution regions [54];

TREX links recurring temporal behaviour to preference trade-offs [56]; and re-

ward or trade-off explanations interpret objective conflict. Command coun-

terfactuals occupy a distinct decision-level role. This can support preference

negotiation—for example, identifying how much one requested objective must be

relaxed before a chosen foil becomes preferred—which neither a policy cluster nor

a recurring trajectory pattern provides by itself.

Practical placement. The methods are best combined only when each resolves

a new question. A policy-set summary can help a decision maker understand

broad trade-off regions and behavioural trends before examining a particular ac-

tion [54]. If an action during execution is surprising, a command counterfactual

can test whether a nearby preference would change it (Section 5.1). If that
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answers the user’s concern, no further explanation is needed. If the question be-

comes what happens after the foil, verified realization (Section 8.3) or COViz [43]

adds outcome evidence.

9.4 Reproducibility

The reproducibility package supports both complete experiment runs and in-

spection of individual reported cases. Together, these materials allow a reader

to reconstruct a particular explanation, repeat the main comparisons, and trace

summary results back to their underlying records. Appendix A documents the

search settings, hardware, and runtime measurements, while Appendix B reports

the complete goal-influence results.

The official implementation and reproducibility package are available

from the project repository: https://github.com/JoanikijChulev/

Explainable-Multi-Objective-RL-with-PCNs.

This repository is the primary source for the experiment code, recorded out-

puts, setup instructions, and executable version of the systems described in this

work.

A hosted downloadable online version of the application is available

here: https://joanikijchulev.github.io/CFZOO-Human-Test-App/.

The hosted interface supports direct exploration of the explanations, whereas

the GitHub repository provides the code and experiment artifacts required for

technical reproduction.
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Chapter 10

Conclusions

10.1 Summary

This thesis asked whether a PCN’s desired-return command can serve as its ex-

planatory interface. A return-only variant provides one clean objective-space

intervention while remaining broadly comparable to RH across 21 environment

configurations (13 ties, 5 R wins, 3 RH wins). CF-ZOO then finds minimal

foil-inducing command changes through black-box boundary-seeded search, suc-

ceeding in 75.8% of 3,195 cases and 94.4% of cases shown feasible by search or

grid. Goal-influence signals distinguish command sensitivity from confidence and

track dense-scan behavioural ground truth, while the interactive system makes

explanations inspectable and tests their realized continuations against the logged

front.

Together, these results establish the command as a practical basis for lo-

cal, contrastive, objective-level explanation whose influence can be measured,

whose action boundaries can be searched, and whose interventions can be exe-

cuted. The four contributions address successive parts of one explanation prob-

lem. Return-only conditioning isolates the variable to be interpreted; influence
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analysis identifies states at which that variable affects behaviour; counterfactual

search translates an action contrast into a nearby objective-space change; and

verified realization tests the proposed intervention beyond its first action. They

establish properties of the learned policy, aiding in human understanding of the

trained policy.

10.2 Future Work

Human evaluation. Section 8.4 proposes an interactive study in which non-

experts use explanations to distinguish a well-trained agent from a poorly trained

one. Two smaller studies could test the counterfactual and influence methods

directly, without asking participants to judge agent quality. Human testing is

important because technical validity alone does not show that an explanation is

understood as intended [84].

A first, counterfactual-comprehension study could use a short online ques-

tionnaire rather than the live testbed. Each static decision card would show

a rendered state, plainly named objectives, the current command and action,

a foil action, and the returned Rcf and ∆R. Participants would see either the

numerical change alone or the same values accompanied by a one-sentence expla-

nation. They would identify which objective requests must increase or decrease

and choose which conclusion is justified: the foil becomes preferred at this fixed

state, not that the whole requested return is guaranteed. Answer accuracy, com-

pletion time, and confidence would show whether the explanation communicates

both its content and its local scope.

A second, influence-guidance study could show participants a short rollout

containing several decision states. One version would show only the states and

actions; another would add a simple low-to-high command-influence marker de-
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rived from the Chapter 7 score. Participants would select the states at which

changing the command is most and least likely to change the action. The dense

command scan already used for validation would supply the correct comparison.

Higher selection accuracy or faster answers with the influence marker would in-

dicate that the score helps people locate preference-sensitive decisions. Unlike

the study in Section 8.4, this task evaluates the usefulness of the influence signal

rather than an agent assessment.

Sparsity and diversity. The current search minimizes the total scaled L2

change, so it often changes only a few objectives but does not require this.

Future work could add an explicit penalty for the number, or groups, of ob-

jectives changed and could return several different counterfactuals with similar

distances [33; 34]. A user could then compare alternatives such as relaxing one

objective substantially or adjusting two objectives slightly, rather than receiving

only one valid trade-off.

Beyond discrete local decisions. This thesis explains a choice between dis-

crete actions at one state. For a continuous-action PCN, the foil would be better

expressed as a meaningful action range, such as turning within a specified angle,

rather than one exact value [21]. A longer-term extension could instead ask for a

trajectory property, such as visiting or avoiding a region. In both cases, the main

challenge is to keep the requested alternative clear while still finding a small,

understandable command change.

Influence during training. The influence measures are currently applied after

training. Computing them during training could reveal when a policy is beginning

to ignore its command, a problem related to representational collapse [26]. For

example, falling observed-command state-basis influence at a known decision fork
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would show that different requested returns are starting to produce the same

behaviour. This warning could prompt closer inspection or a training penalty

that encourages the policy to remain responsive to its command.

Compressing PCN models. Goal-influence scores could guide an influence-

aware compression method. After training the full PCN, a smaller student model

could learn one command-independent action pattern at states where different

commands consistently produce the same behaviour, while still reproducing the

full command-dependent behaviour at influential decision forks. Pruning could

then remove unnecessary command-processing capacity. The compressed model

would be accepted only if it remains smaller or faster while preserving Pareto

performance and command-sensitive decisions.

Certified command robustness. A found counterfactual proves that one

tested command changes the action, but an unsuccessful search does not prove

that no nearby command can do so. A certification method could instead guar-

antee that the selected action remains unchanged within a stated region around

the current command. Used together, certification would describe the region in

which the action is definitely stable, while counterfactual search would provide a

concrete command beyond that region at which the action changes.
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Appendix A

Hyperparameters, Hardware, and

Runtime

A.1 Diagnosis Grid Evaluation

The feasibility diagnosis re-runs failures at 100,000 queries and scans 200 equal

subdivisions per objective dimension, including both endpoints. This gives 201

evaluated values per dimension: a two-dimensional command grid contains 2012 =

40,401 points, while a three-dimensional grid contains 2013 = 8,120,601 points.

Let G denote this finite command grid. A case is classified as grid-feasible

when at least one evaluated command satisfies

∃R ∈ G such that Mf (R) ≥ κ. (A.1)

In other words, the grid found a command for which the foil action beats every

other valid action by at least the required margin κ. If no grid point satisfies the

condition, the case is labelled grid-infeasible; because the grid is finite, this does

not prove that no solution exists between its points.
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A.2 Counterfactual Search Settings

Table A.1 lists both experiments’ settings; they differ in case generation and

CF-ZOO budget, not method constants.

Setting Stress test White-box comparison

Search budget
Query budget per case 9,001 21,000
Candidate directions 9,001 21,000
Binary-refinement steps 16 16

Objective
Confidence margin κ 0.05 0.05
Flip penalty c 1.0 1.0

ZOO-ADAM
Learning rate η 0.01 0.01
Finite-difference step h 10−3 10−3

β1, β2 0.9, 0.999 0.9, 0.999
ϵ 10−8 10−8

Case generation
Front commands per environment all ≤ 12
Timesteps per rollout all sampled ≤ 10
Foils per state all valid top 2 by probability
Case cap per environment — 1,500

Random seed 0 0

Table A.1: Experimental CF-ZOO settings for the CF-ZOO stress test and its
evaluation on the shared white-box-comparison cases. Search hyperparameters
remain fixed; only the query budget and breadth of the case generation differ.

A.3 Hardware

Experiments used one NVIDIA RTX 4070 and an AMD Ryzen 7 (7000 series).

The implementation uses the GPU for neural-network inference and batched pol-

icy queries, while environment simulation, search coordination, data processing,

and result logging run on the CPU.
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A.4 Runtime per Counterfactual

On 797 shared cases, CF-ZOO averages 48.78 s versus WHITE-CW’s 8.73 s.

WHITE-CW (s) CF-ZOO (s)
Environment Cases Mean Median Mean Median

Branch-Path 35 9.44 9.40 53.21 53.87
Breakable-Bottles 8 8.55 8.30 53.08 53.94
Collect-Two 136 7.98 8.07 45.38 44.91
Deep Sea Treasure 136 8.03 8.10 48.11 48.13
Fruit-Tree 84 10.21 10.09 56.48 61.46
Minecart 240 8.63 8.59 48.71 48.93
Resource-Gathering 10 11.37 11.22 41.28 41.95
Reward-Line 148 9.07 9.06 47.49 47.71

All 797 8.73 8.50 48.78 48.45

Table A.2: Wall-clock runtime per counterfactual case on the shared 797-case
benchmark, at the 21,000-query budget of the white-box comparison.

A.5 Budget Sweep

Table A.3 reports wall-clock time required for one counterfactual search at vari-

ous query budgets. A budget of 50,000 queries provides the preferred compromise

between search results and runtime: four of the ten difficult Minecart cases first

succeed at this budget. Absolute runtimes depend on the hardware and imple-

mentation and may be reduced by faster hardware or further code optimization.

Query budget Mean ± SD (s) Median (s)

10,000 19.1± 0.8 19.0
20,000 43.7± 1.8 43.5
30,000 60.5± 2.5 60.4
50,000 101.4± 2.6 102.1
75,000 108.4± 3.5 107.3

100,000 176.0± 6.4 178.0

Table A.3: Mean (± standard deviation) and median wall-clock time per coun-
terfactual search across maximum query budgets.
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Appendix B

Complete Goal-Influence Results

This appendix reports the complete faithfulness and magnitude statistics for all

four goal-influence signals (Table B.1).

B.1 Faithfulness of All Four Signals

Probe-flip ranks best in five environments but collapses on Breakable-Bottles

(ρfrac = 0.079), where argmax rarely changes. KL, TV, and JS coincide to three

decimals in Breakable-Bottles, Three-Tree, and Fruit-Tree. Of the 40 reported

ρnear values, 37 are negative; the three positives occur with little distance vari-

ance and remain below +0.08. Probe-flip performs best in five environments but

fails on Breakable-Bottles because it detects only greedy-action changes, whereas

KL, TV, and JS also capture probability shifts. Their matching correlations in

three environments indicate identical state rankings, not identical score values.

Furthermore, 37 of 40 ρnear values are negative; the three small positives reflect

limited distance variation rather than a meaningful reversed relationship.
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Environment Signal ρfrac AUROC ρnear Mean I Median I

Branch-Path

KL 0.793 0.964 −0.166 0.338 0.326
TV 0.808 0.973 −0.194 0.274 0.297
JS 0.779 0.964 −0.039 0.098 0.103
Flip 0.816 0.938 −0.346 0.300 0.303

Deep Sea Treasure

KL 0.672 0.814 −0.372 0.304 0.101
TV 0.640 0.664 −0.425 0.219 0.143
JS 0.672 0.843 −0.376 0.082 0.028
Flip 0.862 0.970 −0.501 0.192 0.066

Reward-Line

KL 0.742 0.757 −0.082 0.700 0.595
TV 0.725 0.958 −0.025 0.445 0.470
JS 0.643 0.944 +0.072 0.176 0.168
Flip 0.945 1.000 −0.463 0.554 0.513

Minecart

KL 0.421 n/a −0.662 1.486 1.071
TV 0.412 n/a −0.656 0.646 0.639
JS 0.403 n/a −0.665 0.335 0.300
Flip 0.673 n/a −0.568 0.641 0.614

Breakable-Bottles

KL 0.688 0.962 −0.814 0.054 0.000
TV 0.688 0.962 −0.814 0.042 0.000
JS 0.688 0.962 −0.814 0.017 0.000
Flip 0.079 0.643 −0.760 0.043 0.000

Four-Room

KL 0.772 0.978 −0.300 0.046 0.011
TV 0.824 0.990 −0.245 0.094 0.056
JS 0.786 0.983 −0.179 0.012 0.003
Flip 0.971 0.975 +0.016 0.117 0.000

Resource-Gathering

KL 0.715 0.969 −0.119 0.051 0.024
TV 0.737 0.906 −0.262 0.069 0.047
JS 0.673 0.969 +0.048 0.014 0.008
Flip 0.899 1.000 −0.667 0.119 0.042

Three-Tree

KL 0.755 n/a −0.259 1.022 1.050
TV 0.755 n/a −0.259 0.633 0.650
JS 0.755 n/a −0.259 0.298 0.307
Flip 0.761 n/a −0.255 0.633 0.648

Collect-Two

KL 0.726 n/a −0.685 0.288 0.272
TV 0.746 n/a −0.680 0.336 0.352
JS 0.713 n/a −0.669 0.070 0.067
Flip 0.841 n/a −0.632 0.714 0.915

Fruit-Tree

KL 0.799 n/a −0.174 1.111 0.664
TV 0.799 n/a −0.174 0.507 0.485
JS 0.799 n/a −0.174 0.258 0.208
Flip 0.798 n/a −0.177 0.507 0.486

Table B.1: Faithfulness of all four goal-influence signals against behavioural
ground truth, per environment. ρfrac is the Spearman correlation with the ground-
truth flip fraction (higher is better); AUROC is the detection of goal-active states
(higher is better), reported as n/a where every state is goal-active and the AU-
ROC is undefined for a single class; ρnear is the Spearman correlation with the
scaled distance to the nearest action-changing command (negative is better).
Mean and median I are in nats for KL and JS, and are unitless fractions in [0, 1]
for TV and Flip; magnitudes are therefore comparable within a signal but not
across signals.

76



References

[1] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521, no. 7553, pp. 436–

444, 2015. 1

[2] I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge, MA: MIT Press,

2016. 1

[3] R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction. Cambridge, MA:

MIT Press, 2 ed., 2018. 1, 7

[4] V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G. Bellemare, A. Graves,

M. Riedmiller, A. K. Fidjeland, G. Ostrovski, S. Petersen, C. Beattie, A. Sadik,

I. Antonoglou, H. King, D. Kumaran, D. Wierstra, S. Legg, and D. Hassabis, “Human-

level control through deep reinforcement learning,” Nature, vol. 518, no. 7540, pp. 529–533,

2015. 1, 7

[5] D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre, G. van den Driessche, J. Schrit-

twieser, I. Antonoglou, V. Panneershelvam, M. Lanctot, S. Dieleman, D. Grewe, J. Nham,

N. Kalchbrenner, I. Sutskever, T. Lillicrap, M. Leach, K. Kavukcuoglu, T. Graepel, and

D. Hassabis, “Mastering the game of go with deep neural networks and tree search,” Na-

ture, vol. 529, no. 7587, pp. 484–489, 2016. 1, 7

[6] F. Doshi-Velez and B. Kim, “Towards a rigorous science of interpretable machine learning,”

arXiv preprint arXiv:1702.08608, 2017. 1

[7] Z. C. Lipton, “The mythos of model interpretability,” Communications of the ACM, vol. 61,

no. 10, pp. 36–43, 2018. 1, 3

77



REFERENCES

[8] M. T. Ribeiro, S. Singh, and C. Guestrin, ““why should i trust you?”: Explaining the

predictions of any classifier,” in Proceedings of the 22nd ACM SIGKDD International

Conference on Knowledge Discovery and Data Mining, pp. 1135–1144, ACM, 2016. 1

[9] S. M. Lundberg and S.-I. Lee, “A unified approach to interpreting model predictions,”

in Advances in Neural Information Processing Systems, vol. 30, pp. 4765–4774, Curran

Associates, Inc., 2017. 1

[10] M. Sundararajan, A. Taly, and Q. Yan, “Axiomatic attribution for deep networks,” in Pro-

ceedings of the 34th International Conference on Machine Learning, vol. 70 of Proceedings

of Machine Learning Research, pp. 3319–3328, PMLR, 2017. 1

[11] S. Milani, N. Topin, M. Veloso, and F. Fang, “Explainable reinforcement learning: A

survey and comparative review,” ACM Computing Surveys, vol. 56, no. 7, pp. 1–36, 2024.

2, 3, 10

[12] D. M. Roijers, P. Vamplew, S. Whiteson, and R. Dazeley, “A survey of multi-objective

sequential decision-making,” Journal of Artificial Intelligence Research, vol. 48, pp. 67–

113, 2013. 2, 8, 9
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