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1 POTENTIAL SOCIETAL IMPACTS

We have discussed the value-alignment problem in Section 5.1. In our work we provide a theoretically
analysis on the underlying causes of the vulnerabilities and the alignment problem, and introduce
a mathematically rigorous investigation that explains this phenomenon that learning from expert
demonstrations comes with a great cost compared to learning from exploring. Our results demonstrate
that standard deep reinforcement learning results in learning policies that are more reliable and robust.
Our results reveals that despite a significant decrease in performance, the inverse deep neural policy
believes that it in fact received larger rewards than it did before which demonstrates that the correlation
between predicted rewards and true rewards obtained from the MDP is utterly broken, and there
is a clear violation of alignment, i.e. misalignment problem, which reflects there is a gap between
what the policy actually did and what the policy itself believed what it did. We believe the alignment
problem could have potentially critical overreaching societal impact due to the fact that the alignment
of AI systems, e.g. large language models, which interacts with millions of users, are based on and
trained with these algorithms. From the AI safety point of view, we believe it is critical to analyze
potential foundational effects and the alignment issues that can rise from utilizing these algorithms.
The gap between what the policy actually did and what the policy itself believes what it did is a critical
issue given the increasing capabilities of AI systems (United Kingdom Parliament, 2024, October);
(United Kingdom Parliament, 2023, December); (The White House, 2024, October); (European
Union, 2024).

2 STATISTICAL MEASURES

2.1 PEARSON CORRELATION COEFFICIENT

Let Ri
M represent a sample from the distribution of the cumulative rewards obtained from the MDP

by the policy and let Ri
IQ represent a sample from the distribution of the reward predictions of the

inverse Q-learning algorithm. Thus the Pearson correlation coefficient is,

ρRM,RIQ =
cov(RIQ,RM)

σRMσRIQ

(1)

where σRM represents the standard deviation of the distribution of RM and σRIQ represents the
standard deviation of the distribution of RIQ. Note that the covariance of RM and RIQ is

cov(RIQ,RM) = E[(RIQ − µRIQ)(RM − µRM)] (2)

where µRIQ represents the mean of the distribution of RIQ and µRM represents the mean of the
distribution of RM.

2.2 SPEARMAN CORRELATION COEFFICIENT

Let R(RM) represent the rank variables of Ri
M and R(RIQ) represent the rank variables of Ri

IQ.
Thus, the Spearman correlation coefficient is defined as

ρR(RM),R(RIQ) =
cov(R(RIQ),R(RM))

σR(RM)σR(RIQ)
(3)
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Figure 1: Markov Decision Processes from the Arcade Learning Environment proposed by Bellemare
et al. (2013). Rows represents the rollout of the states from an episode in BeamRider.

Figure 2: Markov Decision Processes from the Arcade Learning Environment proposed by Bellemare
et al. (2013). Rows represent the rollout of the states from an episode in Seaquest.

3 ADVERSARIAL DIRECTIONS

Not that for consistency with prior study we used the exact same hyperparameters with Korkmaz
(2024); Korkmaz & Brown-Cohen (2023). In this paper, the authors use the ENR technique (Chen
et al., 2018) to optimize the adversarial directions.

min
sadv∈S

c · J(sadv) + λ1 ∥sadv − s∥1 + λ2 ∥sadv − s∥22 (4)

As has been explained in Section 4 in Definition 4.1 the algorithm and MDP independent adversarial
direction Arandom

alg+M computes a direction from a randomly sampled state of a randomly sampled
episode of the policy trained with an algorithm A in an MDP M and introduces this direction to the
observation of the policy trained with algorithm B in a completely different MDP M′.

4 ARCHITECTURES, ALGORITHMS, METRICS, ENVIRONMENTS AND
HYPERPARAMETER DETAILS

Note that results reported on Pearson correlation coefficient and Spearman correlation coefficient in
Section 5.2 in Table 3 are computed as described above.

4.1 HYPERPARAMETER DETAILS AND ARCHITECTURES

All of the experiments are conducted in Arcade Learning Environment (ALE) Bellemare et al. (2013)
with OpenAI wrappers Brockman et al. (2016). The state-of-the-art imitation learning policies are
trained with the inverse Q-learning algorithm with the exact hyperparameter details provided in the
original paper Garg et al. (2021) for Pong and Breakout MDPs. Thus,

• Replay memory size : 200000
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Figure 3: Markov Decision Processes from the Arcade Learning Environment proposed by Bellemare
et al. (2013). Rows represent the rollout of the states from an episode in Pong.

• Initial memory : 5000
• Epsilon step : 1× 106

• Epsilon window : 10
• Learning steps : 1× 106

• Critic target update frequency : 1000
• Subsampling frequency : 1
• Batch size : 64
• Demo size : 20
• α : 0.5
• Mix coefficients : 1
• Initial temperature parameter : 1× 10−3

for Breakout. For Pong the replay memory size is 100000, initial memory is 5000, epsilon step is
1× 106, epsilon window is 10, learning steps is 1× 106 with evaluation interval 5× 103, number of
seeds 1000, critic target update is 1000 and the batch size is 64 with same demo size, mix coefficients
and α. However, the authors of the inverse Q-learning paper did not share the hyperparameters for
Seaquest. We tuned ourselves and we actually achieved slightly higher results than what was reported
in the original paper. For the straightforward vanilla trained deep reinforcement learning policy we
use Deep Double Q-Network (DDQN) initially proposed by Hasselt et al. (2016). For completeness
we will provide the exact hyperparameters used here too. For yet more details please see Dhariwal
et al. (2017).

• Buffer size : 50000
• Learning rate for Adam optimizer : 5× 10−5

• Value for action probability : 0.02
• Discount factor is 0.99
• Batch size is 32

4.2 ENVIRONMENTS

Note that to provide a fair assessment we used the exact same MDPs with the prior study that
introduced the inverse Q-learning algorithm. Figure 1 and Figure 2 show the rollout of states from
multiple Markov Decision Process from the Arcade Learning Environment (ALE). All of the MDPs
considered have high-dimensional state representations.
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