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Appendix A. Desiderata for Semifactual Explanations

In this appendix, we discuss the desiderata of semifactual explanations outlined in Aryal
and Keane (2024) and Gajcin et al. (2024), which partially overlap. We first review the
desiderata outlined in Aryal and Keane (2024) point-by-point:

Distance The distance between the semifactual and query state should be as far from each
other as possible without crossing the decision boundary. Our method can achieve a
higher distance by increasing the ¢ value. What is an acceptable § value will depend
on the environment, the policy, and what the user desires to see.

Plausible The semifactual state should be within-distribution and reachable. We ensure
this by using simulation from the query state and not a generative approach.

Sparsity The number of features changed should be small. Small changes are not neces-
sarily meaningful and challenging to measure and enforce for image data, where the
features are pixels. In addition, small changes in pixels, as discussed in the paper, can
lead to large changes to a state’s semantics. Instead, we ensure sparsity by simulating
from the query state.

Robustness Small changes to the query state should result in a similar semifactual state.
Since a generative approach is not involved, the semifactual state found should not
change much unless we are far from a critical state.

Confusability A user should understand the semifactual state to have the same outcome
as the query state and not be confused with a counterfactual state. We inform the user
that our semifactual state is on the border between positive and negative outcomes.

In contrast to Aryal and Keane (2024), Gajcin et al. (2024) propose another set of
desiderata that are similar but tailored to reinforcement learning:

Validity Ensure the outcome stays the same in the query and semifactual state. The

validity property is the definition of a semifactual. We ensure validity by using the
threshold value 4.

© 2025 Y. Bekkemoen & H. Langseth.



BEKKEMOEN LANGSETH

Temporal Distance The distance in time should not be too large. Since we simulate
from the query state, our outcome-based semifactual (OSF) state will stay close to
the query state.

Stochastic Uncertainty The semifactual explanation should be informative and give in-
sight regarding the decision boundary. We ensure the informativeness of our explana-
tion by pushing the OSF as close to the decision boundary as possible.

Fidelity Ensure that the path taken to reach the semifactual state will likely be taken by
the policy. We do not want to fulfill this desideratum since we wish to remove the
actions that do not affect the outcome. Our method differs from Gajcin et al. (2024)’s
method in what we try to convey and achieve for this property.

Exceptionality The explanation should be surprising and unexpected. This property will
depend on how well the user understands the policy’s decision boundary. We believe
those states closest to the decision boundary will be most informative and potentially
unexpected to the user.

Appendix B. Human Evaluation

We have not done user studies in our work. However, we need to do user studies to better
understand the explanations and how they compare to other explainable reinforcement
learning methods. In the future, we would like to use a between-subjects design where
user groups test different conditions. In the experiments, we can first teach the users using
explanations and then ask users to predict the policy’s actions in unseen states. We can
also ask the users which agent out of several agents they would choose to make choices on
their behalf, based on explanations. Furthermore, the users will be asked how useful they
find the explanations using the Likert scale.

Appendix C. Pseudocode and Extension

Algorithm 1 shows the pseudocode of our method, detailed in Section 4 of the paper.

In the paper, we focus on the deterministic case. To extend the method to stochastic
environments, we can take inspiration from Amir and Amir (2018) and return a set of OSF
states by simulating several times from the same query state. We can let a user set the
number of OSF states to show for a query state by introducing a new hyperparameter 7'
Another way is to dynamically choose T based on how similar the OSF states we obtain
are. We leave it to future work to focus on a better and more thought-through method for
stochastic environments.

Appendix D. Qualitative Comparison in MsPacman

Fig. 1 shows explanations produced by our method in MsPacman. In Fig. 1(a), the agent
prioritizes the power pill as the agent switches action immediately. From this explanation,
we know that the agent prioritizes power pills highly as the action switching happens im-
mediately. Fig. 1(b) shows that in some situations in MsPacman, the agent does not have
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Algorithm 1 Find OSF state s},
Input: s;: query state, §: stopping criterion, @Q): state-action value function,

T': state transition probability function, and IG: importance gap estimation function.
Output: s,: outcome-based semifactual state.

1: procedure FIND_OSF(st,9,Q, T, IQ)

2 240504 0; 85 < 8¢

3 while z < § do

4 ai4i < argmax, Q(s¢yi, a) > Get action for trajectory 7
5: Stit1 ~ T(- | Stpiy Qpgs) > Get next state for trajectory 7
6

7

8

9

Sipiv1 ~ T | 814, a) > Get next state for trajectory 7/
2 IG(St4i11, 54141 | at) > Compute importance gap
141+ 1
: end while
10: Sppn ¢ S
11: return s,
12: end procedure

a plan when it wanders around since staying still and doing nothing for approximately 200
timesteps does not reduce the return. The behavior might indicate the agent is suboptimal.

Compared to Huber et al. (2023)’s explanation, which we show in Fig. 1 of the pa-
per, our explanations have high plausibility as they are not generated with a generative
model. Furthermore, the distance between the query and semifactual states is close since
the semifactual state starts from the query state.

Appendix E. Ablation Study with the Hyperparameter o

We show the results for additional é values in Fig. 2. The return falls in many environments
as we increase the ¢ value. The increase in the 0 value signals that we allow the agent to
take actions further away from what the agent believes is the optimal action. Hence, falling
return makes sense with increasing § values. The falling in return with increasing § value
does not apply for Assault and MsPacman shown in Figs. 2(a) and 2(c¢). The rising in
return in these two environments might indicate that these two agents are suboptimal. To
find an appropriate § value, we can make a plot like those in Fig. 2. Afterward, select a
value based on an acceptable loss of return using the plot.

We plot the same experiment results for action switching in Fig. 3, where we observe
less action switching as § increases. The increasing trend is to be expected as we allow the
agent to care less about the difference in return.

Appendix F. Computational Complexity

This section shows 1) how long it takes to generate an OSF explanation for a single state,
and 2) how running two environments affects the computational cost. Since episode lengths
differ between episodes and environments, we compute the time to take a single step in the
environments. Table 1 shows that it takes less than 100 ms to generate an OSF explanation
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for a single state, where most are close to 10 ms. Table 2 shows that the overhead of stepping
in two environments is approximately double that of a single environment (§ = 0.00), but
that still remains negligible in all our experiments. As our method aims to explain and not
improve a policy, the additional cost shown in Table 2 will likely not hinder the adoption
of our method. The improved policy performance is only a side effect of our method.

Table 1: The number of seconds it takes to generate an OSF explanation for a single state.
The column headers § refer to the threshold value in our algorithm. The uncer-
tainty represents a 95% confidence interval.

Hyperparameter §

Environment 0.01 0.02 0.03 0.04 0.05

Assault 0.010 £0.001 0.011 £0.001 0.013 £0.001 0.012+0.001 0.014 £ 0.002
Breakout 0.0124+0.001 0.014 £ 0.002 0.0194+0.003 0.018 +£0.002 0.023 £+ 0.003
MsPacman 0.0154+0.002 0.018 £0.003 0.021 +0.004 0.024 +0.005 0.031 4 0.008
Pong 0.021 £0.006 0.045+0.017 0.062 +0.025 0.057 +0.022 0.054 £+ 0.022
Seaquest 0.012 +£0.002 0.015+0.003 0.0134+0.002 0.016 +0.003 0.019 4 0.004
Spacelnvaders 0.015 £ 0.002 0.017 0.002 0.021 £0.004 0.022 +0.003 0.023 £ 0.003

Table 2: The number of seconds to take a single step in the environment. The column

headers § refer to the threshold value in our algorithm.

Hyperparameter §

Environment 0.00 0.01 0.02 0.03 0.04 0.05

Assault 0.0014 0.0040 0.0039 0.0039 0.0039 0.0038
Breakout 0.0015 0.0041 0.0040 0.0039 0.0039 0.0039
MsPacman 0.0014 0.0038 0.0038 0.0037 0.0037 0.0036
Pong 0.0014 0.0035 0.0033 0.0032 0.0033 0.0033
Seaquest 0.0015 0.0039 0.0038 0.0040 0.0038 0.0037
Spacelnvaders 0.0015 0.0039 0.0038 0.0037 0.0038 0.0037

Appendix G. Python Libraries

We used the following Python libraries to implement our method and carry out the ex-
periments: PyTorch (Ansel et al., 2024), NumPy (Harris et al., 2020), Matplotlib (Hunter,
2007), Gymnasium (Towers et al., 2024), Stable Baselines3 (Raffin et al., 2021), RL Base-
lines3 Zoo (Raffin, 2019), Tyro (Yi, 2025), tqdm (da Costa-Luis et al., 2024), OpenCV (Brad-
ski, 2000), and Joblib (joblib developers, 2025).
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Figure 1: OSF explanations for the MsPacman environment. The hyperparameter § is set
to 0.2.
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Figure 2: The return as a function of the hyperparameter §, averaged over 30 episodes. The
shaded regions represent a 95% confidence interval.
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Figure 3: The number of timesteps, on average, the policy executes the same action consec-
utively before switching to a different action as a function of the hyperparameter
0, averaged over 30 episodes. The shaded regions represent a 95% confidence

interval.
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