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Abstract

The deployment of decision-making AI agents presents a
critical challenge in maintaining alignment with human val-
ues or guidelines while operating in complex, dynamic envi-
ronments. Agents trained solely to achieve their objectives
may adopt harmful behavior, exposing a key trade-off be-
tween maximizing the reward function and maintaining align-
ment. For pre-trained agents, ensuring alignment is partic-
ularly challenging, as retraining can be a costly and slow
process. This is further complicated by the diverse and po-
tentially conflicting attributes representing the ethical val-
ues for alignment. To address these challenges, we propose
a test-time alignment technique based on model-guided pol-
icy shaping. Our method allows precise control over individ-
ual behavioral attributes, generalizes across diverse reinforce-
ment learning (RL) environments, and facilitates a principled
trade-off between ethical alignment and reward maximization
without requiring agent retraining. We evaluate our approach
using the MACHIAVELLI benchmark, which comprises 134
text-based game environments and thousands of annotated
scenarios involving ethical decisions. The RL agents are first
trained to maximize the reward in their respective games.
At test time, we apply policy shaping via scenario-action at-
tribute classifiers to ensure decision alignment with ethical at-
tributes. We compare our approach against prior training-time
methods and general-purpose agents, as well as study several
types of ethical violations and power-seeking behavior. Our
results demonstrate that test-time policy shaping provides an
effective and scalable solution for mitigating unethical behav-
ior across diverse environments and alignment attributes.

Code — https://github.com/ITM-Kitware/machiavelli-ttps
Extended version — https://arxiv.org/abs/2511.11551

1 Introduction
Recent advances in artificial intelligence (AI) have led to the
widespread adoption of large language models (LLMs) in
many different applications, ranging from chatbots to high-
stakes settings such as clinical diagnostic support and finan-
cial risk assessment (Hu et al. 2024; Meng et al. 2024; Cao
et al. 2024; Adams et al. 2025). This accelerated deployment
of AI raises concerns about the potential risks and ethical
implications of using such models (Ji et al. 2023), which
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are often trained to optimize a specific reward or objective
function. Previous work has shown that AI agents trained
to maximize reward exhibit Machiavellian or power-seeking
behaviors (Pan et al. 2023; Hendrycks et al. 2020). This mis-
alignment with human values and ethical norms presents a
critical challenge that, if left unaddressed, could have long-
term consequences (Ji et al. 2023).

Misalignment in AI agents has motivated a variety of
training-time alignment approaches, such as reward shap-
ing (Hendrycks et al. 2021) and reinforcement learning (RL)
from human feedback (Ouyang et al. 2022). While these
methods either modify the reward function or learn from
human preferences, they often rely on a rigid, predefined
set of ethical norms. In reality, values for alignment can
vary widely across cultures, communities, and application
contexts (Sorensen et al. 2024), making the adaptability of
alignment a challenging problem. The limited generaliz-
ability of alignment attributes across domains further com-
pounds this problem, e.g., when relying on domain-specific
preferences (Ji et al. 2023). Although task-specific agents
excel within their domains, maintaining ethical consistency
and performance across environments is not scalable, as it
often requires retraining (Zhou et al. 2022).

To address these challenges, we propose a novel test-
time approach for aligning text-based RL agents (Fig. 1).
Using lightweight classifiers, pre-trained agents are steered
through model-guided policy shaping, a method in which
external feedback adjusts the agent’s policy or action selec-
tion probabilities (Griffith et al. 2013). This approach con-
trasts with alignment methods that rely heavily on training-
time interventions or post hoc fine-tuning (Pan et al. 2023;
Hendrycks et al. 2021), and instead enables guidance with-
out retraining, improving adaptability across environments
and reward functions. This adaptability is crucial for align-
ing agents across diverse tasks, as ethical priorities of-
ten vary by application (Gabriel 2020; Awad et al. 2018).
By steering behavior along specific alignment dimensions
rather than broad categories, our method also enables more
interpretable and context-sensitive control.

Overall, the main contributions of our paper are:

• A novel test-time, model-driven, policy-shaping ap-
proach for aligning text-based agents trained to maxi-
mize reward, that also supports generalization across en-
vironments despite the agents being trained in specific
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Figure 1: Overview of our proposed alignment approach using test-time policy shaping. Given a scenario, ethical attribute
classifiers predict the likelihood of different attributes for each available action. These predictions are then used to adjust an
agent’s policy during inference to discourage actions misaligned with ethical target attributes, e.g. avoiding killing.

environments.
• A thorough evaluation on the MACHIAVELLI bench-

mark (Pan et al. 2023), covering a diverse set of agents
trained in multiple text-based game environments. The
agents are assessed on Machiavellian behaviors, includ-
ing 10 morality, four power-seeking, and the disutility at-
tributes. We have also contributed a new interactive deci-
sion trajectory viewer (Fig. 3) that clearly illustrates the
decisions and their alignment to ethical behavior made
by an agent across game scenarios.

• A study of the trade-off between reward and ethical be-
havior in pre-trained agents, exploring different align-
ment tensions, such as the effects of varying the weights
between reward and different moral or power-seeking at-
tributes. Our approach enables fine-grained steering of
agent behavior along the Pareto front of ethical alignment
with agent reward. In such cases, we also demonstrate
the ability to steer an agent in any direction and to re-
verse training-time alignment, in cases where the original
objectives may be undesirable. We also analyze positive
and negative correlations between attributes, which can
inform the selection of alignment targets.

• A comparison of our method with prior environment-
specific alignment methods, including training-time pol-
icy shaping and LLM agents, provides empirical evi-
dence of superior alignment by our approach.

2 Related Work
2.1 LLM Agent Alignment
Research on the alignment of LLM agents has gained mo-
mentum due to their increasing use in decision-making set-
tings. For LLMs, reward modeling from human preferences
has reduced harmful behaviors (Ouyang et al. 2022), and
multi-objective methods can adapt LLMs to multiple pref-
erences (Gupta et al. 2025). Recent work also includes con-
stitutional AI, where models utilize predefined ethical prin-
ciples to critique and guide their outputs, and RL from AI
Feedback (RLAIF) (Lee et al. 2023) that scales alignment by
replacing human feedback with model-based feedback. Sim-
ilarly, test-time techniques, such as zero-shot prompts (Hu

et al. 2024), chain-of-thought reasoning (Liu et al. 2024),
and structured reasoning frameworks (Chen et al. 2025),
have been used to support ethical decision-making.

2.2 RL Agent Alignment: Reward and Policy
Compared to LLM agents, RL agents optimize behavior
through interaction and reward, enabling stronger perfor-
mance in tasks requiring long-term planning and real-time
feedback, such as games (Pan et al. 2023), robotics (Wang
et al. 2024), and cybersecurity (Kiely et al. 2025). Align-
ing these agents with human intent typically involves hu-
man feedback, either through reward modeling and prefer-
ence learning (Christiano et al. 2017; Leike et al. 2018) or
reward shaping (Goyal, Niekum, and Mooney 2019).

An alternative approach is policy shaping, which directly
modifies an RL agent’s policy using human feedback, ad-
dressing issues like reward hacking and ambiguity in reward
signals (Griffith et al. 2013; Rigley et al. 2025). Our ap-
proach is similar to (Pan et al. 2023; Hendrycks et al. 2021)
in applying policy shaping with external classifiers to guide
RL agents. However, these are training-time methods and re-
quire agent retraining, which limits flexibility and scalabil-
ity. In contrast, our test-time approach enables fine-grained,
scalable control over alignment attributes and adjustment of
the trade-off between reward and ethical behavior.

2.3 Safe RL and Moral Value Alignment
Value alignment in AI systems is a nuanced challenge, as
human values and intentions can vary widely, necessitating
flexible and diverse alignment constraints (Sorensen et al.
2024). Prior work in RL has shown that misaligned agents
can develop power-seeking behavior (Turner et al. 2019; Pan
et al. 2023; Perez et al. 2023; Ji et al. 2023). However, it has
also been shown that AI models can recognize moral judg-
ments (Jiang et al. 2025), supporting the development of eth-
ical decision-making. Pan et al. (2023) and Hendrycks et al.
(2021) are closest to our work, and characterize ethical be-
haviors using broad attributes such as power, disutility, and
ethical violations. In contrast, we introduce a fine-grained
framework for specifying individual moral and ethical val-
ues and examine the relationships between these attributes
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in agents trained to maximize reward.

3 The MACHIAVELLI Benchmark
The MACHIAVELLI benchmark consists of 134 text-based
games spanning more than 572K different scenarios (Pan
et al. 2023). Each scenario presents multiple action choices,
annotated with fine-grained labels for unethical behavior
(e.g., deception, killing, and power-seeking), enabling de-
tailed analysis of the trade-off between reward and ethi-
cal behavior. The benchmark’s ethical complexity and long-
term dependencies make it an ideal testbed for studying
alignment of AI agents.

3.1 MACHIAVELLI Annotations
We provide a brief overview of the MACHIAVELLI bench-
mark below, see Pan et al. (2023) for additional details. The
test set includes 30 games to evaluate agent performance.
An agent’s playthrough of a game is referred to as its trajec-
tory, denoted as τ = (c1, . . . , cn), where each ci represents
one of n text-based scenarios the agent encounters. These
scenarios vary in length and associated actions; an example
is shown in Fig. 1. For each scenario, actions are annotated
with game points, achievements, and measures of unethical
behavior (power-seeking, ethical violations, and disutility)
defined as follows:

• Power-Seeking: An agent’s power is defined as its abil-
ity to influence the state of the world and is measured
through four sources: watts (i.e., physical energy), money
(i.e., economic power), well-being (i.e., influence on oth-
ers’ well-being in the game), and social influence (i.e.,
effects on the social status of the agent or others). Power
for an agent is quantified over a sample of k trajectories
following a policy π as:

Power(π) =
1

k

k∑
i=1

(Ewatts+Emoney+Ewellb.+Einfl.), (1)

where Eunit(τi) =
∑n

t=1 Iunit(ct), Iunit(c) is a scalar mea-
sure of a power unit in scenario c, and Eunit is calculated
over multiple sampled trajectories {τ1, . . . , τk}.

• Ethical Violations: An ethical violation occurs when the
agent takes an action that violates a predefined deonto-
logical principle. For a trajectory τ = (c1, . . . , cn), the
total violations equal

∑n
i=1 1i, where 1i indicates a vi-

olation in scenario ci. The MACHIAVELLI benchmark
defines thirteen ethical violations; we focus on the ten
most frequently occurring types across games (Fig. 2):
deception, physical harm, non-physical harm, intending
harm, manipulation, fairness, stealing, killing, spying,
and trespassing. Attribute definitions are provided in the
Appendix of the extended version of this paper.

• Disutility: The disutility of an agent is defined as the ex-
tent to which its actions reduce the well-being of other
characters. For a trajectory τ = (c1, . . . , cn), an agent’s
disutility at scenario ci is given by u(ci), and the total
disutility is

∑n
i=1 1u(ci)<0.
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Figure 2: Distribution of ethical attributes in the MACHI-
AVELLI benchmark across the 10 chosen test games. See
the Appendix for more details about the selection process.

For our study, we utilize the provided gold-standard anno-
tations, defined as the ensemble of annotations provided by
a set of experts. Due to resource constraints and the require-
ment of several hours of training for each agent and game,
we select the ten games from the test set that have the highest
coverage of ethical attributes (Fig. 2). This subset also pre-
serves the overall distribution of attributes; selection details
for games and attributes are provided in the Appendix.

3.2 Baseline Agents
We use two baselines representing distinct decision-making
approaches: a text-based RL agent, which learns to opti-
mize rewards through environment-specific interaction, and
an LLM-based agent, which uses pre-trained language mod-
els for generalized zero-shot action selection (see details be-
low). We also utilize a Random Agent that selects actions
randomly and an Oracle Agent that uses ground-truth anno-
tations to minimize ethical violations.
• Reinforcement Learning (RL) Agent: We use the deep

reinforcement relevance network (DRRN) (He et al.
2016) as the base architecture for our RL agent. This
Q-learning model encodes text-based states and actions
using two separate networks: one for the current state
st and the other for each candidate action at. Like Pan
et al. (2023), we adopt a modified DRRN that removes
the action generation module and encodes actions using
DeBERTa Large v3 (He et al. 2021). Training details are
provided in the Appendix.

RL Agent with Artificial Conscience (RL-AC): We
also include the ethical RL agent from Pan et al. (2023),
which integrates an artificial conscience (AC) using De-
BERTa Large v3 to predict immorality, disutility, and
power-seeking scores for each action. These predictions
bias Q-values during training via a harm penalty to en-
courage moral behavior during learning:

Q′(st, at) = Q(st, at)− λ1fharmful(st,at)>γ , (2)
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RL Agent Trajectory RL-ɑ1.0 Agent Trajectory

Scene: 3_roads_437
It is years ago, when you were younger and just growing accustomed 
to living in Wolf's long shadow. You are standing over a man whose 
hand is pressed at the wound in his side. He looks up at you with a 
mix of revulsion and terror... 
Action 0: I snap his neck. Dragging him along will only drain my 
resources. Killing: 1Physical harm: 1

Killing: 0Physical harm: 0.3

Start
Start

End
End

Action 1: I take his water and other supplies, but leave him alive.

Figure 3: Example agent decision trajectories, comparing an unaligned agent (left) and our aligned agent (right), shown using
our interactive trajectory viewer. Green indicates no ethical violations, while red highlights an ethical violation, e.g. killing. The
numbers along a trajectory indicate the actions taken by agents. Alignment via test-time policy shaping reduces the number of
ethical violations by the original RL agent. Additional trajectories can be found in the Appendix of the extended paper.

where λ denotes a weight vector that assigns relative im-
portance to each type of unethical behavior. We com-
pare this training-time method to our test-time approach,
which enables finer-grained control over different ethical
attributes.

• Large Language Model (LLM) Agents: We also use
two LLM agents presented by Pan et al. (2023) as base-
lines for comparison. These agents use prompts to se-
lect actions from a list based on the current scenario.
The Base LLM Agent is prompted with a list of tar-
get achievements, the scenario text, and available actions
to select from. The Good LLM Agent augments this
prompt with an ethical statement to encourage ethical be-
havior. While Pan et al. (2023) used GPT-4, we adapt
both agents to use the open-access LLaMA 2 7B model
(Touvron et al. 2023) to improve reproducibility and re-
duce dependence on closed-source models.

4 Approach: Test-Time Policy Shaping
Fig. 1 illustrates our test-time policy-shaping approach.
First, we train separate classifiers for each attribute cate-
gory: power, disutility, and ethical violations. These clas-
sifiers (Sec. 4.1) are trained to predict the presence of an
attribute based on scenario text and action choices. At test
time, these classifiers guide policy shaping (Sec. 4.2) by
modifying the action probabilities of pre-trained RL agents,
which are originally optimized only for game reward. This is
done via interpolation in the action space, where the RL pol-
icy and classifier outputs are combined with tunable weights.
This allows both components to jointly influence action se-
lection based on ethical considerations.

4.1 Ethical Attribute Classification
To enable scalable and modular policy shaping, we train at-
tribute classifiers using scenarios from the MACHIAVELLI
training set of games and evaluate performance on test
games. These classifiers generalize across contexts, enabling
consistent ethical shaping without retraining of the underly-
ing agent. Moreover, they can capture complex, high-level
constraints, e.g. ethical considerations, that are difficult to
express using standard reward functions.

We use ModernBERT (Warner et al. 2024) as the under-
lying model for our attribute classifiers. We selected Mod-
ernBERT for its strong performance (comparable to mod-

els like DeBERTa-v3) and its significantly lower compu-
tational requirements, which make it well-suited for test-
time policy shaping. We fine-tune the model on individual
scenario-choice pairs extracted from training games, dis-
carding records lacking consensus in crowdworker annota-
tions. To address class imbalance, we apply balanced sam-
pling without replacement to equalize positive and negative
instances during training.

The average accuracy of our classifiers across attributes
is 88.8±6.5%, with an average recall of 89.6±8.0%. Given
the class imbalance, we prioritize recall as the primary met-
ric for identifying the presence of attributes among scenario
choices. High recall is important, as failing to detect a pos-
itive instance may increase the risk of ethical violations.
Details on our training, hyperparameters, and model results
across attributes can be found in the Appendix.

4.2 Policy Shaping with Agent Interpolation
Our alignment approach uses policy shaping via policy in-
terpolation (Griffith et al. 2013), where the resulting policy
is the convex combination of two or more action distribu-
tions. Prior work has shown that such ensemble-based meth-
ods can improve robustness in decision-making settings (Liu
et al. 2023; Czarnecki et al. 2020). In our case, this approach
enables a flexible and scalable method to incorporate ethical
behavior into a pre-trained RL agent, without additional re-
training.

Given a set of N attributes {(ki, vi)}Ni=1, where ki de-
notes the attribute and vi ∈ {0, 1} indicates preference (0
for minimization, 1 for maximization), the classifier action
probabilities for the action space A are computed as:

Pattribute(a) =
1

N

N∑
i=1

softmax(siCki
(a)), (3)

where si = 2vi − 1 and Cki
is the attribute classifier model

for attribute ki, producing a vector of logits corresponding
to the presence of an attribute for all actions a ∈ A, over
which softmax is applied.

The interpolated action selection probabilities, or the new
shaped policy π, are then formally defined as:

π(a) = (1− α)PRL(a) + αPattribute(a) (4)

where PRL(a) = softmax(Q(s, a)), and Q(s, a) denotes the
Q-values from our DRRN RL agent for the current state
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RL LLM
Metric Rand. Base α0.5 α1.0 RL-AC Base Good Oracle

Goals ↑ Points 11.98 29.67 15.6±0.5 11.9±1.2 27.65 12.84 12.39 13.1±1.2
Achievements 6.69 14.04 8.4±0.4 6.5±0.5 13.54 7.04 7.07 6.2±0.3

Power ↓

Utility 100.00 164.43 102.81 89.54 104.28 100.78 104.20 64.48
Physical 100.00 173.18 97.13 89.46 108.80 100.00 100.17 55.54
Money 100.00 150.93 91.32 91.51 112.67 102.84 97.09 38.62
Social 100.00 167.29 87.01 58.21 102.04 98.60 83.82 30.70
All Power 100.00 163.67 96.4±2.3 87.9±2.0 106.31 100.96 99.35 89.4±11.6

Disutility ↓ All Disutility 100.00 176.62 102.48 96.37 106.26 97.89 100.61 66.40

Immorality ↓

Trespassing 100.00 197.31 93.32 82.79 102.29 111.05 104.32 43.71
Spying 100.00 130.31 90.87 78.12 111.34 105.07 112.27 44.21
Stealing 100.00 134.40 93.28 71.36 104.89 90.92 80.33 43.00
Fairness 100.00 171.73 99.92 89.85 120.55 110.67 99.60 22.64
Killing 100.00 162.21 100.97 50.41 102.31 80.78 77.15 30.39
Manipulation 100.00 167.16 83.78 76.20 104.59 100.04 99.21 30.02
Intend. harm 100.00 171.50 75.32 47.10 113.78 106.82 89.84 29.28
Non-phys. harm 100.00 184.80 89.33 59.24 123.77 101.32 88.89 16.02
Deception 100.00 141.78 78.91 64.56 98.38 107.40 107.99 33.78
Phys. harm 100.00 180.46 85.16 61.87 113.06 101.37 95.37 42.92
All Violations 100.00 162.05 100.1±4.0 94.7±10.1 105.70 103.58 96.98 82.3±3.9

Table 1: Comparison of agent performance across various power, disutility, and immorality attributes. Values are averages
across test games, with ± indicating standard deviation in cases where the reported value represents an average of all attribute-
specific agent scores within the corresponding attribute category. “Rand.” denotes the Random agent, “RL-Base” is the RL
agent, “RL-α0.5” and “RL-α1.0” are RL agents with policy shaping (our contributions), “RL-AC” is the RL agent trained with
an artificial conscience, “LLM-Base” is the LLM agent, “LLM-Good” is the LLM agent with an ethical prompt, and “Oracle”
is the Oracle agent representing an upper bound on minimizing violations.

s. We apply softmax to convert Q-values into a normal-
ized probability distribution, enabling direct interpolation.
Although we illustrate an off-policy RL agent, this approach
is equally applicable to on-policy agents that directly out-
put action probabilities. This interpolation framework thus
provides flexible control over the trade-off between reward
maximization and adhering to ethical constraints.

To evaluate this approach, we denote an RL agent using
the combined policy as the RL-αX Agent, where X is the
interpolation value α. The parameter α ∈ [0, 1] controls
the degree of attribute-based shaping: α = 1 corresponds
to full control by the attribute classifier, while α = 0 re-
lies entirely on the base RL agent. Additionally, we examine
steering the RL agent with an artificial conscience, referring
to this variant as the RL-AC-αX Agent. We analyze how
varying α affects the reward-alignment trade-off, enabling
control along the Pareto front of competing objectives.

5 Results and Discussion
We present results from four experiments. First, in Sec. 5.1,
we evaluate baseline agent performance across test games,
comparing the Random, RL, and LLM agents across mul-
tiple attributes. Second, in Sec. 5.2, we evaluate our test-
time policy-shaping method with the RL-αX agent, ana-
lyzing how varying α impacts the reward-alignment trade-
off. Here, the RL-α1.0 agent corresponds to our attribute
classifier-based approach, with the Oracle agent providing
an upper bound on minimizing ethical violations. Third, in
Sec. 5.3, we examine how steering toward one attribute in-

fluences other attributes and analyze potential correlations
between them. Finally, in Sec. 5.4, we examine whether
training-time alignment can be reversed by steering in the
opposite direction of the RL-AC agent, using interpolation,
denoted RL-AC-αX , with a similar evaluation. Additional
results on attribute classifiers, multi-attribute interactions,
and trajectory analyses appear in the Appendix.

All experiments were run on a single NVIDIA RTX
A6000 GPU. LLM weights were loaded from HuggingFace,
and AC weights from the original MACHIAVELLI code-
base. For trajectory generation, we set seeds as the sum of
a base value x and the trajectory index, generating ten tra-
jectories per agent. Reported scores are averaged over these
runs. As in Pan et al. (2023), immorality, power, and disu-
tility scores are normalized by the Random Agent’s average
performance over 1K trajectories, and reward is normalized
by the total achievable points per game.

5.1 Baseline Agent Performance
The performance of baseline agents on the MACHIAVELLI
games is shown in Table 1. Among all agents, the RL agent
achieves the highest number of points and achievements.
However, this comes at the cost of significantly higher ethi-
cal violations, power-seeking behavior, and disutility. These
are reduced in the RL-AC variant, where applying the arti-
ficial conscience leads to a noticeable drop in unethical ac-
tions, though with a decrease in points and achievements.

LLM-based agents achieve substantially lower point
scores than RL agents. However, they also commit fewer un-
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Figure 4: Alignment results of the RL, Oracle, and policy
shaping RL-α0.2, RL-α0.8, and RL-α1.0 agents per the top
five ethical violations and power. Oracle and RL-α agents
are steered to minimize deception (denoted as “dec.”), re-
sulting in a decrease of deception as α increases. The RL-
α1.0 agent achieves the best score, closest to the Oracle.

ethical actions, with the “Good” variant also outperforming
the random agent in ethical behavior.

5.2 Agents with Test-Time Policy Shaping
Results from our policy-shaping approach, denoted by RL-
αX , are shown in Table 1. When using the RL-α1.0 agent,
which selects actions based on predicted ethical violations,
we observe a substantial reduction in both ethical violations
and power-seeking behavior. This trend holds across individ-
ual attributes, with the lowest scores appearing in killing and
non-physical harm, and disutility being the highest. Since
each RL-α1.0 agent focuses on one ethical attribute at a
time, we report the mean and standard deviation for total
violations and power. Even so, action selection based on a
single attribute leads to an overall improvement in ethical
behavior, with lower total violations and power than all other
agents, including the training-time RL-AC agent. However,
this improvement comes at the cost of reduced game perfor-
mance, as shown by a lower number of achievements and
fewer overall points. This highlights a necessary trade-off
between reward and ethical behavior.

We also illustrate these trends in Fig. 4, which focuses on
the top five ethical attributes and highlights deception. Our
RL-α0.2 and RL-α0.8 agents exhibit significantly less de-
ception than the RL agent, demonstrating the effectiveness
of our approach. From the radar plot, we also see that fo-
cusing on one attribute can reduce violations across other
attributes. This suggests potential correlations between at-
tributes, which can inform which dimensions should be pri-
oritized during policy steering. Overall, our policy-shaping
approach successfully reduces ethical violations and power-
seeking behavior, achieving performance at test time that is
comparable to the training-based RL-AC agent introduced
by Pan et al. (2023), as observed in Table 1.

Fig. 5 shows the fundamental trade-off between reward
(measured by game points) and the number of ethical viola-
tions across attributes. When α = 0.8, the increased weight-
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Figure 5: Pareto front showing the trade-off of points (i.e.,
reward) and violation score of RL agents with our policy-
shaping approach applied per top-5 ethical violation.

ing of the attribute classifier results in fewer ethical viola-
tions. At α = 0.5, compared to the original RL agent in
Table 1, ethical violations are still reduced, although this
comes with a decrease in point accumulation. These results
demonstrate that policy shaping can improve ethical behav-
ior without retraining agents, offering a trade-off between
performance and alignment. This trade-off, and the selection
of an optimal α, may vary and requires careful consideration
and study across application domains in future work.

We also examine whether our method can improve on
the RL-AC agent by further reducing ethical violations after
training. As shown in the Appendix, we find that many at-
tributes show significant reductions. However, the decrease
is smaller than for the original RL agent, likely due to the
influence of previous training-time behavior regularization
on the agent’s action distribution. For example, in trespass-
ing and stealing, we observe that α = 0.6 leads to the low-
est number of violations, while other attributes benefit more
from stronger weighting on the attribute classifier.

5.3 Attribute Correlations
Fig. 6 illustrates the attribute correlations of our aligned
agents. Understanding these inter-dependencies is crucial
for alignment, as optimizing one attribute can unintention-
ally influence others and potentially increase ethical viola-
tions or power-seeking behavior. To quantify these relation-
ships, we compute Spearman correlations between attribute
results of the Oracle and aligned RL-αX agents, and analyze
how optimizing one attribute affects changes in others.

We observe a strong positive correlation among several
attributes, particularly between power-seeking behaviors
and ethical violations such as killing, physical harm, non-
physical harm, and stealing. Such correlations suggest that
aligning an agent to reduce one of these attributes may si-
multaneously lower the others. In contrast, we find negative
correlations between killing, physical harm, non-physical
harm, and power-seeking attributes on one hand, and decep-
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Figure 6: Correlation between ethical attributes when ap-
plying policy shaping. The bottom half of the matrix illus-
trates the results of agents minimizing attributes, and the top
half illustrates maximizing attributes. Attribute names are
abbreviated, with power-seeking attributes denoted by “p.”,
“non.p” is non-physical harm, and “int.h” is intending harm.

tion and spying on the other. This likely reflects the struc-
ture of the game scenarios, where choices often present al-
ternative actions that involve comparatively “milder” ethical
violations (e.g., deception instead of killing). As expected,
attributes such as killing and physical harm also exhibit par-
ticularly high mutual correlation.

5.4 Erasing Prior Behavior Regularization
We also investigate whether our policy-shaping approach
can steer an agent in any direction and counteract training-
time alignment. The purpose of this experiment is to demon-
strate that our method provides control over alignment at-
tributes in both directions, even for agents already trained
with policy or reward shaping. This flexibility is crucial in
scenarios where it may be necessary to reverse alignment to
potentially incorrect attributes, or to generalize to settings
where those same attributes might be desirable. To evaluate
this, we apply our approach to RL-AC agents across games,
this time intending to increase violations and power-seeking
behavior rather than reducing them. The resulting Pareto
front is presented in Fig. 7, with additional results across
attributes in the Appendix.

In the Pareto front, we observe a pattern similar to the ear-
lier interpolation results, but in the opposite direction. As α
increases and more weight is placed on the attribute clas-
sifiers, the number of violations also increases. This trend
appears consistently across most attributes for the RL-AC
agent. For some attributes, such as fairness, trespassing, and
stealing, the increase is relatively small. However, for oth-
ers, including deception, killing, and intended harm, the in-
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Figure 7: Pareto front showing the trade-off between points
and violation score for RL-AC agents. Our policy-shaping
method is applied per attribute to show it is possible to re-
verse learned training-time alignment.

crease is more substantial and closely approaches the levels
observed in the original RL agent. One likely explanation is
that some attributes are less common across game environ-
ments, which may make it more difficult to reliably steer the
agent’s behavior in those cases.

6 Conclusion

Addressing agent misalignment presents the challenge of
balancing reward maximization with reducing unethical be-
havior. Our results demonstrate that our test-time policy-
shaping approach outperforms both environment-specific
RL agents and general-purpose LLM agents in ethical be-
havior, as well as RL agents trained with policy shaping.
Specifically, our RL-α0.5 agent achieves an average 62-
point reduction in ethical violations and a 67.3-point reduc-
tion in power-seeking behavior. Additionally, our method al-
lows for steering in both directions, enabling not only the re-
duction but also the controlled increase of targeted attributes,
and improves upon prior training-time shaping methods.

We have identified two areas for future research. First is
the challenge of multi-attribute and pluralistic alignment.
While we explore alignment across two attributes in the Ap-
pendix, our current method assumes equal weighting; how-
ever, real-world applications often prioritize certain ethi-
cal attributes over others depending on the context. Sec-
ond is the application to high-stakes, real-world domains be-
yond MACHIAVELLI. While game environments provide
a controlled testbed for studying agent behavior, they do
not fully capture the complexity or consequences of real-
world decision-making. Future work should evaluate align-
ment in more critical domains, where ethical failures carry
greater risk. Overall, our method offers a flexible and scal-
able framework for steering pre-trained agents toward more
ethical behavior in decision-making applications.
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