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ABSTRACT

Programmatic representations of policies for solving sequential decision-making
problems often carry the promise of interpretability. However, previous work
on programmatic policies has only presented anecdotal evidence of policy inter-
pretability. The lack of systematic evaluations of policy interpretability can be
attributed to user studies being time-consuming and costly. In this paper, we intro-
duce the LLM-based INTerpretability (LINT) score, a simple and cost-effective
metric that uses large-language models (LLMs) to assess the interpretability of
programmatic policies. To compute the LINT score of a policy, an LLM gener-
ates a natural language description of the policy’s behavior. This description is
then passed to a second LLM, which attempts to reconstruct the policy from the
natural language description. The LINT score measures the behavioral similarity
between the original and reconstructed policies. We hypothesized that the LINT
score of programmatic policies correlates with their actual interpretability, and
evaluated this hypothesis in the domains of MicroRTS and Karel the Robot. Our
evaluation relied on a technique from the static obfuscation literature and a user
study, where people with various levels of programming proficiency evaluated the
interpretability of the programmatic policies. The results of our experiments sup-
port our hypothesis. Specifically, the LINT score decreases as the level of obfus-
cation of the policies increases. The user study showed that LINT can correctly
distinguish the “degree of interpretability” of programmatic policies generated by
the existing algorithms. Our results suggest that LINT can be a helpful tool for
advancing the research on interpretability of programmatic policies.

1 INTRODUCTION

There is a growing interest in the use of programmatic representations of policies to solve sequential
decision-making problems (Verma et al.|[2018; |Trivedi et al., |2021; Marifio et al.,[2019;|Qiu & Zhu,
2022;|Liu et al.,[2023). This interest is justified because one can provide a strong inductive bias to the
learning process through the domain-specific language that defines the space of policies. This bias
has been shown to allow programmatic policies to generalize more easily to unseen settings (Inala
et al.,|2020) and to make them more amenable to formal verification (Bastani et al., 2018)).

Another feature of programmatic policies that is often emphasized in previous work is interpretabil-
ity. However, no systematic studies have been performed that assessed the interpretability of
these policies. A common method is to present specific programs and claim that they are inter-
pretable (Verma et al 2018} Trivedi et al., 2021} |Aleixo & Lelis, 2023)). The scarcity of compre-
hensive evaluations could be attributed to the fact that such studies are time consuming and costly.
This lack of a thorough analysis hinders our understanding of what makes a programmatic policy
interpretable. For example, neural networks can be viewed as programs written in a domain-specific
language that allows the addition of layers and nodes to the neural architecture. Clearly, the pro-
grammatic framing of policies does not guarantee interpretability. Moreover, it is unreasonable to
assume that the domain-specific language that defines the policy space is the only determinant factor
for interpretability. This is because different programs written in the same language could have dif-
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ferent levels of interpretability. So, how can we make progress on interpretable programmatic policy
generation beyond just anecdotal claims and without time-consuming and costly human studies?

In this paper, we introduce a simple and cost-effective methodology to assess program interpretabil-
ity and demonstrate its application to programmatic policies. Our methodology uses large language
models (LLMs) to assign an interpretability score to a programmatic policy. We call this score
the LLM-based INTerpretability (LINT) score. In our methodology, we use an LLM to generate
a natural-language explanation of the behavior of the policy. This explanation is given as input to
another LLM, which is asked to reconstruct the program described in the explanation. A third LLM
verifies that the explanation is in natural language and is about the behavior of the policy. Once we
obtain a reconstructed policy, the LINT score is the value of a metric that compares the behavior
of the original and reconstructed policies, for example, the action agreement of the policies in a set
of states. The underlying assumption of the LINT score is that a policy is interpretable if one can
reconstruct it from a natural language description of its behavior.

We hypothesize that the LINT score of programmatic policies correlates with their actual inter-
pretability. We further hypothesize that the programmatic policies previously considered inter-
pretable vary in their degree of interpretability, and that the LINT score can capture this variation.
We evaluated our hypothesis in the domains of MicroRTS (Ontafion et al., 2018)), a real-time strategy
game, and Karel the Robot (Pattis, 1994). Previous work presented programmatic policies for these
two domains that were considered interpretable (Trivedi et al., 2021} |Aleixo & Lelisl 2023). Our
evaluation is divided into two parts. The first part is based on methods from the program obfusca-
tion literature (Collberg & Nagra,[2009). Obfuscated programs are designed to be non-interpretable,
and some obfuscation techniques allow us to construct programs with different levels of obfusca-
tion. The assumption is that obfuscation can be used as a proxy for interpretability. The second
part presents two user studies (n = 60 for MicroRTS and n = 33 for Karel) in which people with
programming experience evaluated the interpretability of a set of programmatic policies.

The results of our experiments support our hypotheses. In both MicroRTS and Karel the Robot,
the LINT score decreases as policy obfuscation increases. The user study further demonstrated that
the LINT score effectively distinguishes the degree of interpretability of policies current algorithms
generate for MicroRTS and Karel. However, the results also showed that the LINT score may
struggle to accurately rank policies when the interpretability gap between programs is “too small”.
For policies with smaller gaps, the ground truth ranking from the user study may be unstable, and
could vary with a larger participant pool or participants with different backgrounds. We conjecture
that the challenges LINT faces with such unstable rankings is similar to how humans would find
challenging to differenciate similarly interpretable policies. Our results also support the hypothesis
that some previously considered interpretable policies exhibit varying degrees of interpretability, as
both study participants and LINT flagged certain policies as less interpretable than others.

These findings demonstrate the potential of the LINT score as a tool for advancing research on the
interpretability of programmatic policies. They also suggest avenues for future studies such as the
development of interpretability metrics that can be used to select interpretable programs to present to
users, when multiple options are available, as in program synthesis tasks (Singh & Gulwani, [2015).

2 PROBLEM DEFINITION

We are interested in finding interpretable solutions to sequential decision-making problems, which
we formalize as Markov decision processes (MDPs) (S, A, p, r, u,y). S is the set of states and A is
the set of actions. p(s¢11]/8¢, a) is the transition model, which returns the probability of observing
s¢+1 given that the agent is in s; and applies the action a; at the time step ¢. The agent observes a
reward value of R;y; when moving from s; to s;41. The reward value is returned by the function
r. p is the distribution of the initial states of the MDP; states sampled from p are denoted sg. 7y in
[0, 1] is the discount factor. A solution to an MDP is a policy , which is a function that receives a
state s and returns the action that the agent should take at s. The objective is to learn a policy 7 that
maximizes the expected sum of discounted rewards for 7 starting in so: Er , ,[> 7o V¥ Rpv1].

In addition to learning policies that maximize the expected sum of discounted rewards, we want
to learn policies that are human-interpretable. Interpretability offers several advantages, including
the ability for users to manually modify learned policies and the ability to formally verify poli-
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cies (Bastani et al.| 2018). We try to obtain interpretable policies by using programmatic repre-
sentations (Trivedi et al., |2021). We search in the space of programs defined by a domain-specific
language for a program 7 that encodes an optimal policy. The task of learning a policy is equivalent
to a discrete search problem over the space of programs that the DSL accepts. The set of programs
a DSL accepts is defined through a context-free grammar (M, N, R, I), where M, N, R, and I are
the sets of non-terminals, terminals, the production rules, and the grammar’s initial symbol. Figure[l]
shows a DSL, where M = {I,C, B}, N = {c, ¢, by, ba, if, then}, R are the production rules (e.g.,
C — 1), and [ is the initial symbol. This language accepts programs such as if b; then c;.

Given a domain-specific language D, our task is to find .
a program p € [D] encoding a policy that maximizes I — if(B) then C

the expected sum of discounted rewards for a given MDP. C— cile

As assumed in previous work (Verma et al., 2018)), de- B — by | by

pending on the language used, policies could be human-

interpretable. We are interested in measuring, for a given Figure 1: Grammar defining a DSL.
policy 7, the extent to which 7 is human-interpretable.

3 LINT SCORE

In this section, we present the LINT score, an intepretability metric for programmatic policies.
Figure 2| shows how to compute the score. An LLM, the explainer, receives a programmatic policy
m, a set of constraints C, and a description of the domain-specific language (DSL) in which 7 was
written. Then, it produces a natural language description of the behavior of m. Another LLM,
the reconstructor, attempts to reconstruct the policy from the natural description the explainer
generated for . The LINT score of 7 is then a behavior similarity metric B of the original policy
7 and the reconstructed policy 7’. For example, B can measure the action agreement of 7 and 7’ on
a set of predefined states. We describe two domain-independent metrics B in Section If 7 and 7/
have similar behavior in terms of B, then 7 is deemed interpretable by the LINT score.

Verifier
C Explainer |«— 7 —
LINT
| B —
DSL Reconstructor —> 7/ ——

Figure 2: Overview of LINT. The Explainer receives a programmatic policy 7, a set of constraints
C, and a description of the domain-specific language in which 7 was written; it produces a natural
language explanation of the behavior w, while satisfying the constraints C'. The constraints state
that the explanation must be in natural language and about the policy behavior. The constraints
also ensure that the explanation does not include step-by-step instructions on how to write 7. The
constraints are checked by the Verifier. The explanation is provided as input, with the description
of the domain-specific language, to the Reconstructor, which attempts to reconstruct 7w from the
explanation, thus producing 7. B is a behavior metric that scores the similarity between 7 and 7’.

The underlying assumption of the LINT score is that a policy is interpretable if one can reconstruct
the policy from a natural language description of the policy behavior, and this description can only be
produced by inspecting the program that encodes the policy. For example, it is unlikely that one can
describe the behavior of an agent by simply inspecting the weights of a deep neural network. Even if
this was possible, it is unlikely that one could directly set the weights of a new neural network from
a natural language description of the behavior of the agent. Thus, programmatic policies that are
neural networks are expected to have a small LINT score, indicating that they are not interpretable.

However, it is possible to design non-behavioral natural language descriptions of 7 that could allow
the reconstructor to perfectly reconstruct the original policy. For example, the explainer could de-
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scribe the architecture of the neural network encoded in 7 as well as the set of weights used in each
layer of the network. The reconstructor could then simply reimplement this neural network from its
natural language description. The set of constraints C' specify that the explainer is required to gener-
ate a behavioral description of the policy, and it is not allowed to provide step-by-step programming
instructions that would allow the reconstructor re-generate 7, even for non-interpretable policies 7.

We use the following constraints, with their complete description in Appendices[Jjand [I}

1. The explanation of the program must be in natural language.
2. Do not use programming language jargon in your explanation.

3. Do not give line-by-line programming instructions of how to write the program.

The final component in Figure [2|is the verifier, which is another LLM whose purpose is to check if
the constraints C' are met. The verifier checks if the explanation produces a non-behavioral natural
language description of 7, such as step-by-step programming instructions. If the verifier answers
‘no’ to satisfying the constraints, then we sample another explanation from the explainer, until they
are satisfied; only then the LINT score is computed. Due to the stochastic nature of the LLMs, it
is possible that the explainer fails to satisfy the constraints and that the verifier incorrectly flags the
constraints as satisfied. We can increase the confidence that the constraints are satisfied by invoking
the verifier multiple times, and use a voting mechanism to approve the explanation. In our experi-
ments, we invoked the verifier only once, and all approved explanations satisfied the constraints.

Instead of computing the LINT score only once, in practice we computed it k times and report
the average score. This multi-evaluation approach is to account for the stochasticity of the LLMs
involved in the process. The value of £ should be large enough to account for the variance of
the LLMs and small enough to prevent them from reconstructing the original program by chance.
Since the program spaces of practical interest are very large, it is unlikely that the reconstructor will
generate programs similar to 7 if 7’s behavior cannot be accurately described in natural language.

4 EMPIRICAL METHODOLOGY

The objective of our evaluation is to evaluate our hypothesis that the LINT scores correlate with the
interpretability of a set of programmatic policies. Our evaluation is divided into two parts. In the first
part, we rely on methods from the static obfuscation literature (Collberg & Nagra, 2009) to generate
programs with different levels of interpretability. Static obfuscation algorithms transform a program,
before it starts running, into less interpretable programs, with the goal of making it harder for adver-
sarial agents to gain knowledge of the program by reading its implementation. In the second part, we
perform a user study with people with different levels of computer programming proficiency. In our
study, people are presented different programs and asked to score the interpretability of the programs
and also to answer a multiple-choice question that verifies their understanding of the program.

Domains. We use MicroRTS, a real-time strategy game (Ontanon, [2017), and Karel the Robot,
a platform originally designed to teach computer programming (Pattis| [1994). We chose these do-
mains because they are challenging and programmatic policies have been shown to perform well
in them (Trived: et al., 2021)). They are also diverse in that they use different domain-specific lan-
guages and that MicroRTS is multi-agent, while Karel is single-agent. For MicroRTS, we consider
policies synthesized with the self-play algorithm 2L (Moraes et al.l[2023) for the map BaseWorkers-
16 x16A. For Karel, we consider policies synthesized with stochastic hill climbing (Carvalho et al.,
2024) for the problems StairClimber, Maze, FourCorners, Seeder, and TopOff (Trivedi et al.|[2021).

Domain-Specific Languages. Table|l|shows examples of programmatic policies, with one from
MicroRTS on the left and one from Karel the Robot on the right. In MicroRTS, the program is
invoked in each time step to define the action the agent will perform; in Karel, the program is
invoked only once and it determines the action of the agent for all time steps. For MicroRTS, the
language allows for loops that iterate over all units the player controls. It also offers several domain-
specific instructions that check for conditions such as canHarvest, in line 3, which returns true
if the unit can collect resources. The language also offers instructions that assign actions to units,
such as harvest, in line 4, which will send the unit to collect resources. For Karel the Robot, the
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MicroRTS Karel the Robot

1 for unit u 1 while noMarkersPresent

2 u.train (Worker, Right, 5) 2 putMarker

3 if u.canHarvest () 3 move

4 u.harvest (2) 4 move

5 u.build(Barracks, EnemyDir, 8) 5 while markersPresent
6 turnRight
7 move

Table 1: Examples of programmatic policies for MicroRTS (left) and Karel the Robot (right).

language has perception instructions such as markersPresent, in line 5, which checks whether
the grid cell the agent occupies has a marker. The language also has action instructions such as
putMarker and turnRight, in lines 2 and 6, respectively. Appendix |B|describes the domain-
specific languages of each domain.

Metrics B. We use two behavior metrics: action and return. The action metric assumes discrete
action spaces, and the return metric assumes a reward function. For the action metric, we compute
the fraction in which the actions chosen by the original program 7 match the actions chosen by
the reconstructed program 7’ for states in a set Sp: |Sq|~1 x ZSESF 1[m(s) = 7'(s)]. If the
reconstructed program is equivalent to the original, then the action metric is 1.0. The return metric
averages the absolute difference between the reward obtained by rolling out 7 and 7’ from a set of
initial states Sy: | S| =% x Y s S |Rrs — Ry s|. Here, Ry s is the reward obtained by rolling out 7
from s. Since MicroRTS and Karel are deterministic problems, R, ; is computed with one roll-out.
If the reconstructed program is equivalent to the original, the return metric is 0.0. In Sections
and [.2) we explain how the sets S; and S are obtained for the two parts of our experiments.

Baselines. Recent empirical research has highlighted the lack of an effective metric to measure
code interpretability (Scalabrino et al., 2021)). Consequently, no established baseline is specifically
optimized for this task. To address this, we developed two baselines. The first baseline involves
using an LLM to assign an interpretability score from O to 1 to the set of evaluated programs given
as input to the model (LLM Baseline). We use with this LLM baseline prompts similar to those used
to compute the LINT score (Appendix [K). Also, similarly to LINT, we deal with the stochasticity
of the LLM by running the baseline k times; the interpretability score of the programs provided as
input is the average across the k calls to the LLM. We also consider as baseline a set of structural
metrics, such as the number of lines of code, loops, and conditionals, to approximate interpretability.
Appendix [E| shows that none of these metrics can reliably score the interpretability of programs.

LLM Model All experiments used GPT-4 (OpenAl et al., |2023) with a temperature of 0.7 and
k = 5 for both LINT and the LLM baseline. Our prompts are given in Appendices[Jjand

4.1 PART 1: EVALUATING OBFUSCATED PROGRAMMATIC POLICIES

In the first part of our evaluation, we make the reasonable assumption that obfuscated programs are
less interpretable than non-obfuscated ones. Our hypothesis is that LINT scores will correlate (neg-
atively for the action metric and positively for the return metric) with the level of obfuscation of a
program. We use the obfuscation technique of adding useless code snippets to the programs (Cohen,
1993). We consider two levels of obfuscation: level 1, where we add code snippets with a few lines
of code, and level 2, where we add longer code snippets that do not change the agent behavior.

Table [2| shows examples of the level-1 snippets we use; all snippets used in our experiments are
shown in Appendix [H The left snippet in Table 2] does not change the behavior of any MicroRTS
policy because the only unit that can harvest resources is a builder, so line 6 does not change the
behavior of the policy. The right snippet is used in the StairClimber problem. This code does not
change the agent’s behavior because markersPresent only returns true in the last state of the
problem, when the agent encounters a marker and its interactions with the environment finish.
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MicroRTS Karel the Robot
1 if u.canHarvest () : 1 while markersPresent
2 for unit u 2 pickMarker
3 if u.isBuilder () : 3 turnRight
4 pass 4 turnRight
5 else: 5 turnRight
6 u.harvest (50)

Table 2: Code snippets that do not change the agent behavior for MicroRTS (left) and Karel (right).

For MicroRTS, we randomly sample 20 policies from the policies generated in the 2L self-play
process; these are the policies 7 for which we compute the LINT score. We sample 10 additional
policies, which are different from the initial 20, from the same pool of 2L policies to serve as
“opponent policies” 7,. The set S is given by pairs (sg, 7,), where sq is the initial state of the map
and 7, is an opponent policy. We have one such pair in S} for each of the 10 opponents. The states
encountered along the trajectory obtained by playing each policy 7 in the set of 20 policies against
each 7, in the set of 10 policies form the sets S, one set for each 7. For Karel, we synthesized one
policy 7 for each problem. These are the policies for which we evaluate LINT score. The sets Sy,
one for each of the 5 problems we consider, each have a single initial state. The states encountered
along the trajectories obtained by rolling out each 7 from the start state form the sets S;.

4.2 PART 2: USER STUDY

We enlisted 93 users in our study. We advertised our study in the mailing lists of two Computing
Science departments from two different countries. Members of one department were invited to
evaluate the interpretability of the MicroRTS policies, and members of the other department were
invited to evaluate the Karel policies. For MicroRTS, we had a total of 60 participants, of which 50
were male and 10 were female. The average age was 23.66 years with a standard deviation of 5.87.
On a scale of 1 to 4, where 1 means a beginner in computer programming and 4 means an expert,
the average was 1.78 with a standard deviation of 0.86. For Karel, we had 33 participants, of which
22 were male and 11 were female. The average age was 23.37 years with a standard deviation of
3.79. The average response for programming experience was 2.68 with a standard deviation of 0.82.

For MicroRTS, we used two policies in the study. 7y and 7o, randomly selected from the 20 used in
the obfuscation experiment. In addition to these two policies, we also use their obfuscated versions,
at level 2. The sets Sy and S, are the corresponding sets for 71 and 7o described in Section@ For
Karel, we used the same set of policies 7 and sets Sy and S, used in the obfuscation experiments.

Each participant in our study had to agree to a consent form, which explained the risks involved in
the study and that our study was approved by our institution’s ethics board. They then answered
the demographic questionnaire and were asked to read a tutorial on the problem domain (MicroRTS
or Karel) and the domain-specific language of each domain. The participants then answered review
questions about the problem domain and language, before going through the questions that evaluated
the interpretability of the programs 7. For MicroRTS, since the domain-specific language is different
from most commonly used programming languages, we presented an example of a program and
explained its behavior. This extra step was meant to ensure that participants understood the language
before trying to answer the study questions.

We asked the users two questions for each policy 7. The first question asked users to rate on a Likert
scale of 1 to 5 how interpretable the program encoding 7 was, where 1 means the least interpretable
and 5 the most interpretable. Second, we presented the participants with a multiple-choice question
in which each option of the question showed a video of an agent behavior (a match of MicroRTS or
Karel interacting with the environment). The user had to then choose the video that best described
the behavior of 7. Although the interpretability question always came before the video question, the
pair of questions for each policy 7 were randomly shuffled to account for learning effects.

We used these two types of question because they may complement each other. Asking what the user
perceives as interpretable has the advantage of being a direct question to what we want to measure.
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. . Original Obfuscation Level
Domain Metric P
rogram Level 1 Level 2
MicroRTS Action T 0.721 £0.015 0.646 £0.017 0.578 £0.015
Return |  0.880 £0.019 0.951 £0.021  1.031 £0.023
Karel ActionT 0.327 £0.072 0.182 £0.045 0.088 +0.013
Return | 0.750 £0.092 1.026 £0.072 1.071 £0.069

Table 3: Average values of the action and return metrics for the original policy and for the two levels
of obfuscated policies in MicroRTS and Karel domains; the cells also show the 95% confidence in-
terval. Higher values of the action and lower values of the return metric mean more similar policies.

The disadvantage is that there could be a mismatch between what the user perceives as interpretable
and what is actually interpretable to them. The video questions have the strength of evaluating what
the user understood about the program, which contrasts with the user perception of the first question.
The disadvantage of this type of question is that it is challenging to design multiple-choice questions
with relevant distractors (Liu et al.,2017), that is, options that cannot be easily ruled out as wrong.
In this way, users might choose the correct answer without being able to fully interpret the program.

5 EMPIRICAL RESULTS
In this section, we present the results for parts 1 (Section[5.1)) and 2 (Section[5.2) of our evaluation.

5.1 RESULTS: OBFUSCATED PROGRAMMATIC POLICIES

Table [3| presents the results of part 1 of our evaluation. For the action metric, higher values indicate
reconstructed policies that are more similar to the original policy. For the return metric, smaller
values indicate more similar policies. The arrows in the table (1 and |) indicate the relationship
between the metrics. For MicroRTS, the average values shown in the table are computed over 200
executions of LINT: 10 for each of the 20 policies 7 used in this experiment. For Karel, they are
computed over 25 executions of LINT: 5 for each of the 5 policies. The 95% confidence intervals
show that all differences are significant, with the exception of the return metric for Level 1 and
Level 2 in Karel. The value of the action metric drops as we move from the original policies to the
obfuscated ones. We also observe an increase in terms of the return metric, which also suggests that
the LINT score can capture the decrease in interpretability as we increase the level of obfuscation.

5.2 RESULTS: USER STUDY

5.2.1 KAREL THE ROBOT

Table [ shows the average results of the user study for Karel the Robot. Each row shows the average
LINT score across 10 independent runs of the system, the average Likert value for the interpretabil-
ity question (I-Score), and the average number of times a participant answered the video-based
question correctly (V-Score). We split the 5 problems into two disjoint sets, the ones that are more
interpretable (StairClimber and Maze) and the ones that are less interpretable (FourCorners, Seeder,
and TopOff), so we can present the average LINT, I, and V scores for the programs in each group.
The superscript letters indicate the results of a Friedman test, followed by pairwise Wilcoxon tests
when the Friedman test is significant at p < 0.05. If two policies have statistically different scores in
the Wilcoxon test (p < 0.05), they are assigned different letters. For instance, the V-Score of Maze
is not statistically different from that of StairClimber, but it is significantly different from TopOff.

We also performed a Spearman correlation test between the LINT scores and the I-Scores and
a point-biserial correlation test between LINT scores and the V-scores. The correlation between
LINT and the I-Scores is higher (0.447) than between LINT and the V-Scores (0.204); both corre-
lations are statistically significant with p < 0.05. The numbers in Table 4 offer an explanation for
the correlation results. The LINT score closely followed the I-Score in the sense that higher LINT
scores resulted in higher I-Scores, except for FourCorners and Seeder. The correlation is weaker
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Difficulty Policy LINT I-Score V-Score LLM Baseline
More StairClimber 0.932 £ 0.090 4.250 4+ 0.370*  0.750 4+ 0.128*  0.820 + 0.030

a ab
Interpretable Maze 0.626 4+ 0.150 4.031+0.327*  0.687 +0.137®>  0.580 £ 0.030
Average 0.779 +0.087 4.140+0.247  0.718 £0.094  0.700 = 0.030
FourCorners  0.012 & 0.008 2.937 £0.363®  0.562 4 0.147°  0.660 £ 0.020
Less Seeder 0.016 £0.015 2.531 £0.331°¢  0.656 & 0.140*¢  0.730 & 0.020
Interpretable TopOff  0.046 +0.006 3.093 & 0.350° 0.312+0.137°  0.720 + 0.020
Average 0.024 +0.006 2.853+0.201  0.510£0.082  0.703 £ 0.020

Table 4: User study results for Karel the Robot. The table presents the LINT scores, the average
Likert scores for the interpretability question (I-Score, which range from 1 to 5), and the average
number of times participants answered correctly the video-based multiple-choice question (V-Score,
which range from O to 1). The policies categorized into more and less interpretable sets. The table
also presents the 95% confidence interval, which was computed with 10 seeds for the LINT scores.
The letter superscript for the [-Score and V-Score columns show statistical difference between the
scores of the policies: rows with different letters indicate statistically different scores with p < 0.05.
For more clarification on the superscripts and the significance tests, check Appendix |L} Section

Policy Type Policy LINT I-Score V-Score LLM Baseline
Original m 0.754 £0.052 3.904 £0.200*  0.555 £ 0.104* 0.390 £ 0.040
& o 0.835£0.041 3.904 £0.209* 0.587 £ 0.104* 0.680 £ 0.030
Obfuscated m 0.7124+0.071  3.396 £ 0.217*  0.492 £ 0.103*  0.640 £ 0.030
o 0.695 4 0.050 3.190 £ 0.244°  0.396 & 0.102*  0.750 & 0.040

Table 5: User study results for MicroRTS. The table presents the LINT scores, the average Likert
scores for the interpretability question (I-Score, which range from 1 to 5), and the average number
of times participants answered correctly the video-based multiple-choice question (V-Score, which
range from O to 1). The policies are categorized into the original and obfuscated policies. The table
also presents the 95% confidence interval, which was computed with 10 seeds for the LINT scores.
The letter superscript for the [-Score and V-Score columns show statistical difference between the
scores of the policies: rows with different letters indicate statistically different scores with p < 0.05.
For more clarification on the superscripts and the significance tests, check Appendix E], Section

with respect to the V-Score because we observe a few discrepancies in the results. For example,
the LINT score considers the policy for Seeder to be less interpretable than the policy for Maze.
However, Seeder and Maze have similar V-Scores. Based on feedback from a few participants,
who mentioned being able to easily eliminate certain options in the multiple-choice question for
Seeder, some of the discrepancies between the I-Scores and V-Scores may stem from participants
confidently ruling out certain choices in the multiple-choice question. The elimination of choices
for some of the policies increases the average V-Score of them comparatively with the policies for
which it is more difficult to eliminate choices, thus causing the I-Scores and V-Scores discrepancies.

The average score and the 95% confidence interval of the LLM Baseline was computed over 10
independent runs of the system. A Spearman correlation test between the LLM baseline scores
and the I-Scores was close to zero (0.02). Similarly, a point-biserial correlation between the LLM
Baseline scores and the V-Scores was —0.03. These results contrast with the correlation noted in the
LINT scores and highlight the importance of the “natural language bottleneck” LINT uses.

The I-Score and V-Score results of Table 4] also support our hypothesis that programmatic policies
that were previously considered interpretable can significantly differ in their degree of interpretabil-
ity. LINT can capture this difference when there is a large interpretability gap between policies. That
is, if we observe the policies with the largest interpretability gap (e.g., StairClimber and FourCorners
or StairClimber and TopOff), LINT correlates well both in terms of their I-Score and V-Score. This
is also evidenced by the average results of the more and less interpretable groups. Mann-Whitney
tests point to significant differences (p < 0.05) between the average I-Score and V-Score values.
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5.2.2 MICRORTS

Table [5] shows the results of the MicroRTS user study. The correlation between LINT scores and
I-Scores is 0.278 (Spearman test) and between LINT scores and V-Scores is 0.126 (point-biserial
test); both tests are statistically significant with p < 0.05. The correlation results are weaker for
MicroRTS because the interpretability gap between the policies is smaller in this domain, as can
be observed by the smaller variance across I-Score and V-Score values. Despite the smaller gap,
LINT could detect the decrease in interpretability for both 7y and 75 as we obfuscate the policies.
This decrease in interpretability is also noted in both I-Score and V-Score. The differences between
original and obfuscated are statistically different for I-Score, but not for the V-Score.

In general, the results of our user study suggest that LINT can distinguish the interpretability of
programs with a sufficiently large intepretability gap. Examples of such distinctions include Stair-
Climber and TopOff in Table (4| and the original programs 7; and 7y and their obfuscated coun-
terparts in Table [5§] However, LINT cannot distinguish the difference between FourCorners and
Seeder, despite it being statistically significant in terms of I-Scores. It is reasonable that the LINT
score cannot flag this distinction, as the difference in terms of I-Score between the two policies is
small and possibly negligible in any practical application of interpretable policies.

Similarly to Karel, the average score and the 95% confidence interval of the LLM Baseline was
computed with 10 independent runs of the baseline. A Spearman correlation test resulted in —0.16,
and a point-biserial correlation test resulted in —0.07. Similarly to Karel, these results highlight the
need of LINT’s natural language bottleneck to approximate the interpretability of the programs.

Finally, as a side note, the results shown in Table [5]also support the assumption that we made in the
first part of our experiments that obfuscated programs are less interpretable. In particular, there is a
significant drop in I-Score as we move from the original to the obfuscated versions of the policies.

We present in Appendix [C]representative examples of the reconstruction process of LINT.

6 LIMITATIONS OF THE LINT SCORE

When assessing the interpretability of programs, we have to assume a level of knowledge of the
person interpreting them and a bounded amount of thinking time. We will refer to the person who
interprets the program as the user. LINT assumes the knowledge of an LLM, which may not reflect
reality due to a mismatch of knowledge between the LLM and the user. As a result, a policy that is
considered interpretable according to its LINT score might not necessarily be interpretable to the
users. If the program requires knowledge that the LLM does not possess (e.g., the LLM may not
be able to generate accurate natural language descriptions of linear transformations of the state),
LINT can produce false negatives. Similar arguments can be made with respect to the pondering
time of the user. A cursory read of a program might lead the user to a shallow understanding of
what the policy does; a deeper analysis might lead to a deeper understanding of the policy behavior.
The selection of the LLM used in the computation of the LINT score implicitly assumes a level of
knowledge and pondering time that may not reflect the end users of the application domain.

Similarly to the BLEU score (Papineni et al.;,2002), LINT should not be used as an objective func-
tion. At least in its current form, using LINT as such could cause the system to disregard C, and the
explainer could generate non-interpretable explanations that the reconstructor can use to fully re-
construct the program. Future work may investigate how LINT can be used as an objective function
while ensuring that the explainer generates human-interpretable descriptions of the programs.

7 RELATED WORK

In contrast to the literature on programmatic policies, it is common to find evaluations of the inter-
pretability of models in the context of supervised learning (Ribeiro et al., 2016} Lundberg & Leel
2017; [Fong & Vedaldi, |2017). In addition to LINT, another contribution of our work is that we are
the first to provide a systematic evaluation of the interpretability of programmatic policies.

Previous work in programmatic policies, such as NDPS (Verma et al.| 2018]), Propel (Verma et al.,
2019), and 7-PRL (Q1u & Zhu, 2022), describe systems that synthesize programmatic policies in the
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space of oblique decision trees (Murthy et al.,[1994])). Such trees represent programs with if-then-else
structures with linear transformations of the inputs. Although we did not evaluate oblique decision
trees in our experiments, both LINT and participants with general programming experience would
likely find them non-interpretable due to the complexity of chaining multiple linear functions. Since
oblique trees are equivalent to ReLLU networks (Lee & Jaakkola, 2020; |Orfanos & Lelis, [2023)),
interpreting these trees would suggest that ReLU networks are also interpretable. However, expert
users might be able to interpret small and sparse oblique trees, as seen in previous work. Extending
LINT to model expert interpretation is a promising direction for future research.

Measurements of code understandability (Buse & Weimer, [2010; [Posnett et al.| 2011} |Daka et al.,
2015} [Scalabrino et al., 2016} |Oliveira et al., 2020) from the Software Engineering literature attempt
to solve a similar problem from the interpretability of programmatic policies. Code understandabil-
ity considers scenarios where people write computer code that is meant to be understandable by
other people, but it may not be because the person reading the code is not familiar with the API
being used or the API documentation is lacking (Scalabrino et al.| [2021)). This contrasts with our
problem, where the programs are written by other programs with the goal of maximizing the agent’s
return. Despite this difference, future work might benefit from more tightly connecting these areas.

Recent empirical work showed that there is currently no effective metric to measure code under-
standability (Scalabrino et al.l 2021)). Although there is no similar study in the context of inter-
pretable policies, the results of |Scalabrino et al.| (2021) suggest that simple metrics such as count-
ing structural features (e.g., number of lines) also will not perform well in estimating policy inter-
pretability. Appendix [D]shows examples of obfuscated programs that solve classical programming
problems in which structural metrics, such as the number of lines, would fail to estimate program in-
terpretability, while LINT is still able to flag obfuscated programs as non-interpretable. The results
of Scalabrino et al.|(2021)) contrast with our results, since our results suggest that LINT can be used
as a reliable metric to assess the interpretability of programmatic policies. Our encouraging results
suggest that future research could investigate the use of LLMs to measure code understandability.

8 CONCLUSIONS

Programmatic policies are often synthesized with the expectation of interpretability. However, pre-
vious work has only presented anecdotal evidence of policy interpretability. The lack of a systematic
evaluation of the interpretability of such policies through user studies is likely due to the high cost
of these evaluations. In this paper, we introduced an inexpensive metric based on LLMs to assess
the interpretability of programmatic policies. The LINT score of a programmatic policy is obtained
by running the policy through a “natural language bottleneck”. Our assumption is that a policy is in-
terpretable if it can be reconstructed from a natural language description of its behavior. The LINT
score is computed by comparing the behavioral similarity between the original policy and the LLM-
reconstructed policy. This methodology allows LINT to assign different degrees of interpretability
depending on the similarity of the behaviors of the reconstructed and original policies.

Our empirical evaluation of LINT relied on the literature on program obfuscation, where we as-
sumed that obfuscated programs are less interpretable than non-obfuscated ones. We also conducted
two user studies in which people with a programming background evaluated the interpretability of
programs generated by current systems for MicroRTS and Karel. The results of our experiments
supported our hypothesis that the LINT score can effectively estimate the interpretability of poli-
cies. Specifically, the LINT score decreased as the level of obfuscation in the policies increased.
Furthermore, the results of the user studies showed that LINT scores correlate with how users rated
the interpretability of the evaluated policies. LINT faced difficulties distinguishing between policies
that were similarly interpretable. This is reasonable, as even human evaluators might find it chal-
lenging to differentiate between nearly equally interpretable policies. Our empirical results suggest
that LINT could serve as a valuable empirical tool for advancing research in policy interpretability.
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A PROBLEM DOMAINS

A.1 KAREL

Karel the Robot is a grid world problem where the agent could perform different tasks. The domain
was originally designed to teach computer programming (Pattis, [1994). Tasks include collecting all
markers on a grid, or finding its way out of a maze. Figure 3| (right) shows a screenshot of the Maze
problem. There is a marker on the bottom-left corner of the maze, and Karel is on the bottom-right
corner, facing up. Next, we describe the 5 Karel problems used in our study.

1.

StairClimber uses a 12 x 12 grid with stairs formed with walls. The agent starts on a
random location on the stairs, and the goal is to collect a marker that is also randomly
placed on the stairs. If the agent reaches the marker, the agent receives a reward of 1 and 0
otherwise. If the agent moves to any cell outside of the stairs, the program terminates with
areward of —1.

. Maze uses a 8 x 8 grid, where a marker is placed on a randomly chosen cell. The agent

starts on a random empty square of the grid and the goal is to find the marker. Once the
agent finds the marker, it receives a reward of 1; the agent receives a reward of 0, otherwise.

. FourCorners uses an empty 12 x 12 grid, where the agent starts in one of the cells of the

bottom row. The goal is to place a marker in each corner of the grid. The reward is given
the number of markers placed on a corner divided by four.

. Seeder uses an empty 8 x 8 grid, where the agent is randomly placed in a cell. The goal

is to place one marker in every cell of the grid. The reward is given by the number of cells
with a marker divided by the number of cells.

. TopOff uses an empty 12 x 12 grid where markers are randomly placed the bottom row of

the grid. The agent starts at the bottom-left corner of the map and the goal is to place one
marker on top of every existing marker in the grid. The reward is the number of markers
that have been topped off divided by the total number of markers in the initial grid.

-
@

TAsEe SR tas .......-

Figure 3: BaseWorkers-16x 16A MicroRTS map (left) and the Maze problem for Karel (right).

A.2 MICRORTS

MicroRTS is a minimalist two-player real-time strategy game used in research 2020). In
MicroRTS, each player controls a set of units in real time (each player is allowed 100 milliseconds

13
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to decide on the next action). Units gather resources and build structures that are used to train more
units that can fight more effectively against enemy units. MicroRTS has six types of unit: Worker,
Ranged, Heavy, Light, Barracks, and Base. The first five types can move and battle the opponent,
but only Workers can build structures and collect resources; the units differ in how much damage
they can suffer before being removed from the game and how much damage they cause to opponent
units. A Base can train Workers and store resources, while a Barracks can train the other units.

Figure [3] (left) shows a screenshot of a MicroRTS match on the BaseWorkers-16x 16A map used in
our experiments. One of the players is located on the top-left corner, while the other is located on the
bottom-right corner. The light-gray squares represent Bases, while the dark-gray square represents
a Barracks. The circles are Worker units, and the green squares are resources.

B DOMAIN-SPECIFIC LANGUAGES

Next, we present the domain-specific languages of Karel the Robot and MicroRTS. The following
context-free grammar presents the language for Karel the Robot. This DSL is the same as that used
in the previous work (Trivedi et al.| 2021} Liu et al.|, [2023}; (Carvalho et al.,[2024).

B.1 KAREL THE ROBOT

Program p :=DEF run m( s m)
Statement s :== WHILE c( b c) w( s w) | IF c( b c) i( s i) |
IFELSE c( b c) 1( s 1) ELSE e( s e) | REPEAT R=n r( s r) |

s;8 | a
Conditionb:=h | not ( h )
Numbern :=1[2|3|...|infinity

Perception h := frontIsClear | leftIsClear | rightIsClear |
markersPresent | noMarkersPresent

Action ¢ :=move | turnLeft | turnRight | putMarker | pickMarker

1 while frontIsClear:
2 putMarker
3 move

Figure 4: An example of a program written in the domain-specific language for Karel.

The domain-specific language for Karel the Robot is meant to be intuitive and of easy use, as it
was originally designed to teach computer programming to people. Consider the example shown
in Figure @ Given an MDP, the policy is invoked only once and will issue actions for each state
that the agent encounters during its interaction with the environment. The policies written in this
language have an internal state, which is the line of code of the program that will be executed next.
The policy shown in Figure [4] places a marker and moves forward, until it reaches the wall or the
end of the grid. The internal state of the policy will alternate between lines 2 and 3.

B.2 MICRORTS

The following context-free grammar presents the language for MicroRTS, which was used in recent
work (Moraes et al., [2023).
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S — S5 | for (Unit u) S|if(B) then S
| if (B) then S else S|C|A

B — hasNumberOfUnits(T, N) | opponentHasNumberOfUnits(T, N)
| hasLessNumberOfUnits(T,N) | haveQtdUnitsAttacking(N)
| hasUnitWithinDistanceFromOpponent(N)
| hasNumberOfWorkersHarvesting(N)
| is-Type(T) | isBuilder ()
| canAttack () | hasUnitThatKillsInOneAttack ()
|opponentHasUnitThatKillsUnitInOneAttack()
|hasUnitInOpponentRange()
| opponentHasUnitInPlayerRange ()
| canHarvest ()

C —build(T,D,N) | train(T,D,N) | moveToUnit(T,,0,) | attack(O,)
| harvest(N) | attackIfInRange () | moveAway ()

T — Base | Barracks | Ranged | Heavy
| Light | Worker

N—0|1]2]3|4]5]|6|7|8]9
110 15 | 20| 25 | 50 | 100

D — EnemyDir | Up | Down | Right | Left

O, — Strongest | Weakest | Closest | Farthest
| LessHealthy | MostHealthy | Random

T, — Ally | Enemy

for (Unit u):
u.train (Ranged, Right, 4)
u.harvest (9)
u.attack (Closest)
u.train (Worker, Up, 1)

1 for (Unit u):

2 u.build(Barracks,Up, 1)
3 for (Unit u) :

4 u.attack (Closest)

R N R S

Figure 5: Two examples of programs written in the domain-specific language for MicroRTS.

Consider the policy written in the MicroRTS domain-specific language in Figure [5] (left). The pro-
gram is invoked in every iteration of the game to determine the action of each unit the player controls.
In the example above, the outer for-loop iterates over all units the player controls. The instruction
u.build (Barracks, Up, 1), attempts to build a Barracks with unit u. Note that this is pos-
sible only if u is a Worker unit. If u is not a Worker unit, then the instruction will be ignored.
Generally, any line of code that is not applicable to a unit will simply be skipped in this language.

The program also has an inner for loop, which will also go over all units the player controls. The
instructions inside the inner for loop receive higher priority than instructions outside it. This is
because, in this language, once an action is assigned to a unit, it cannot be changed. In this example,
the inner for loop attempts to assign an action to all units that can attack. The language considers a
fixed order of the type of units in which the for loop iterates over: Workers, Barracks, Base, Light,
Ranged, and Heavy. If the player controls one Base, one Barracks, and four Workers, the Worker
will be the first unit to be iterated over in the for loop, then the Barracks, and finally the Base.

Now, consider the example shown in Figure [] (right). In this policy, if u is a Base unit,
then only u.train (Worker, Up, 1) is applicable to it; all the other instructions are ig-
nored. If u is a Worker unit, then the only commands applicable to it are u.harvest (9) and
u.attack (Closest). Once 9 Workers are assigned for harvesting, future calls to this function
will ignore the harvest function for Workers; these Workers will be assigned the action given by
u.attack (Closest), meaning they will attack the closest enemy unit.
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1 while noMarkersPresent 1 while not markersPresent
2 if rightIsClear 2 if rightIsClear
3 turnRight 3 turnRight
4 else 4 move
5 while not frontIsClear 5 else
6 turnLeft 6 if frontIsClear
7 move 7 move
8 else
9 turnLeft

Table 6: Original policy for the Maze problem (left) and a reconstructed policy (right).

C REPRESENTATIVE EXAMPLES OF THE RECONSTRUCTION PROCESS

C.1 KAREL THE ROBOT

In this section, we present a representative example from the Karel domain of the natural language
description generated by the explainer and the reconstructed policy. The original policy is shown
in Table [§] (left). This is the synthesizer’s solution to the Maze problem, where Karel the Robot
navigates through a maze to find a marker. The natural language description that the explainer
generated is given in Explanation [I| The explanation does not provide step-by-step programming
instructions, but describes the behavior of the agent from the policy in Table [6] (left).

Explanation 1. The given program instructs Karel the Robot to navigate its environment until it
encounters a marker. Karel prioritizes turning right whenever the path to the right is clear. If the
path to the right is blocked, Karel will begin turning left until it has a clear path in front. Once the
front path is clear, Karel moves forward. At any point during this navigation, if Karel encounters a
marker, it stops, completing its mission. Thus, the program’s main goal is to navigate Karel through
its environment by prioritizing right turns, then left turns, until a marker is found.

The reconstructed policy is not syntactically identical to the original policy, as one would expect
due to the LINT’s natural language “bottleneck”. However, the two policies are semantically iden-
tical. For example, instead of using noMarkersPresent as the Boolean expression of the while
loop, the reconstructed policy uses not markersPresent, which is logically equivalent. If
rightIsClear, the reconstructed program not only turns Karel to the right as in the original, but
also applies the move command in the same block. This is equivalent to the turnRight instruc-
tion in line 3 of the original policy followed by the move instruction in line 7. Similarly, the outer
else block of the reconstructed policy is equivalent to the inner while loop of the original policy.

The LINT score for the reconstruction discussed in this example indicates a perfectly interpretable
program (action and return metrics of 1.0 and 0.0, respectively). We do not observe such scores for
k = 5 because the system is unable to perfectly reconstruct the program in all 5 runs. The LINT
scores with k = 5 still point to an interpretable policy (action and return metrics of 0.626 and 0.570).

C.2 MICRORTS

for (Unit u)
for (Unit u)
u.train (Worker, Up, 2)
u.attack_if_in_range ()
u.train (Heavy, EnemyDir, 8)
for (Unit u)
u.train(Light,Left,100)
u.build(Barracks, EnemyDir, 1)
u.harvest (25)
u.attack (Closest)

for (Unit u) :
u.train (Worker, Up, 2)
u.attack_if_in_range ()
for (Unit u):
u.train (Heavy, EnemyDir, 8)
for (Unit u):
u.train(Light,Left,100)
u.build(Barracks, EnemyDir, 1)
u.harvest (25)
u.attack (Closest)

SOOI NP WN —
SOOI N W~

—_
—_

Figure 6: Original policy for the BaseWorkers-16x 16A (left) and a reconstructed policy (right).
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Next, we present a representative example from the MicroRTS domain of the natural language de-
scription generated by the explainer and the reconstructed policy. The original policy is shown in
Figure [6] (left). The description that the explainer generated is given in Explanation [2] Similarly
to the Karel example in Section [C.I] the explanation does not provide step-by-step programming
instructions, but describes the behavior of the agent from the policy in Figure ?? (left).

Explanation 2. The script outlines a two-tiered strategy in the game of MicroRTS. It focuses on the
tactical management of different types of units, ranging from Workers, to Heavy units, and finally
Light units. The first part of the strategy involves a layered assignment of tasks. Every unit is asked
to train two Worker units if possible. These Workers can be seen as the backbone of your army since
they are the only units that can build structures, which in turn produce other units. At the same time,
if a unit can’t train a Worker, it is assigned to remain idle, thus serving as a defensive guard to your
base. In addition, every unit is asked to train up to 8 Heavy units, that typically are stronger and
can inflict more damage, acting as the frontline offensive unit. This phase essentially sets up your
base with a balance of productive Workers and Heavy units.

In the second part of the strategy, each unit is tasked with producing as many Light units as possi-
ble, up to a whopping 100. Light units are generally quicker and can swiftly react to the changes
in the battlefield. Additionally, every unit is tasked to build a Barracks near the enemy’s direc-
tion, effectively establishing a forward base closer to the enemy territory. They are also asked to
harvest resources, up to 25 units, ensuring a steady supply for creating more units and structures.
Finally, units are directed to attack the closest enemy units, marking an aggressive stance towards
the opponent.

The overall goal of this strategy is to ensure a robust base with a mixture of Worker and Heavy units,
while also maintaining an aggressive stance with a large army of Light units and Barracks near the
enemy territory. It aims at resource gathering for continued production of units and structures, and
pushing the opponent back through relentless attack.

The explanation describes the behavior of the policy in a level of detail that allows for a perfect
reconstruction of the behavior of the original policy. Figure[6|(right) shows the reconstructed policy.
The reconstructed policy is not syntactically identical to the original one, due to the information lost
in the process of translating the policy into a natural language explanation and back to a policy.

A casual inspection of the policies might even suggest that the reconstructed policy does not behave
as the original. This is because the original policy has an instruction for training Worker units ins