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Abstract

Large pre-trained language models (LMs) such as GPT-
3 Codex are able to generate code remarkably well
given prompts of natural language text. But if we want
to use such LMs to generate code compatible with a spe-
cific API or library (e.g., an API which provides the en-
vironments in which certain rules, laws, or orders are to
be carried out), the amount of computational and data
resources required to fine-tune such models can be cost
prohibitive to most organizations. Given these practical
limitations, is it possible to utilize these massive code-
generation LMs to write code compatible with a given
API? We develop an algorithm that selects code exam-
ples using a smaller LM trained to predict which fea-
tures of an API are likely to be used in the resulting
code, which is a simpler problem than actually gener-
ating the code. The selected examples are then used to
build a prompt for the larger LM, which in turn gen-
erates the final code. We demonstrate our results on
a benchmark dataset derived from the collectible card
game “Magic: the Gathering,” and obtain state-of-the-
art results.

Introduction

The problem of how to automatically interpret language in
a way that produces a scrutable, understandable interpre-
tation is of fundamental importance for the future of Al
It has been argued, for instance, that in order for artifi-
cially intelligent systems to properly follow human laws,
they need to be able to interpret them, which requires re-
solving the sometimes-ambiguous language that laws use.
But furthermore, the interpretation the Al chooses must be
provided in a form that stakeholders can inspect, test, and
use as precedent for future interpretations (Licato 2022a;
2022b; 2021). In other words, given text to be interpreted
by an Al human stakeholders need to be able to inspect:
(I1) how the Al interpreted that text, and (I12) why the Al be-
lieves that interpretation is best. An emerging body of work
is exploring approaches to (I12) under the topic of interpre-
tive reasoning (Licato 2021; Sartor et al. 2014; Walton, Sar-
tor, and Macagno 2018; Licato, Marji, and Abraham 2019;
Walton, Macagno, and Sartor 2021; Araszkiewicz 2021), but
in this paper we will focus on (I1).
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One paradigm to productively study (I1) is that of auto-
matic code generation, particularly when the code is gener-
ated from law-like text. Consider, for example, collectible
card games (CCGs) such as Magic: the Gathering™(MtG).
In such games, players have a set of cards they can play,
each of which may have text describing possible effects
of those cards. Some of these effects might be simple and
unambiguous (e.g., “When this card is played, the oppos-
ing player takes 5 damage.”). But it is very common for
cards to contain language that is open-textured—i.e., lan-
guage whose full domain of applicability is underspecified,
often by design (Hart 1961; Waismann 1965; Vecht 2020).
Correctly interpreting open-textured language in CCGs can
require a deep knowledge of the game, how the card and the
language used in the text has historically been interpreted,
the ramifications of adopting one interpretation over another,
and so on. These problems parallel those faced by the auto-
matic interpretation of law (Bench-Capon and Sergot 1985;
Sanders 1991; Franklin 2012; Prakken 2017; Quandt and Li-
cato 2020); in fact, the rules and conflict resolution systems
of MtG has been described as an entire legal system in and
of itself, complete with judges who must make rulings based
on precedent, established best practices for interpretive rea-
soning, and commonsense notions of fairness (Adler 2019).
As such, the problem of how to automatically translate the
text on MtG cards (and CCGs in general) into programming
language code is a productive way to tackle the larger prob-
lem of automated reasoning about legal text, since convert-
ing the text into code forces one to make decisions about
how the text is to be interpreted.

Background

Automatic Code Generation Generating programming
code from a mixed input of natural language text and struc-
tured prompts is a difficult challenge even for state-of-
the-art language models. Previous models for code genera-
tion largely focused on syntactically matching gold-standard
code, without regard for functionality. This created a large
oversight wherein such models were not able to innova-
tively generate code that is syntactically different, but func-
tionally equivalent to the gold standard. This is particularly
salient for the generation of code from CCG card effects,
as many keywords may produce similar effects with vary-
ing magnitudes and differing game-specific keywords across
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def avesKnight_cardEffect(P):
""" Do nothing for two turns.

Then, destroy every card

in opponent’s hand.”""

searchDeck(features.BIRD)

disable_player(P, 2)

for ¢ in P.opponent.hand():
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o birds = searchDeck(
. bird_cardType)
-069 for b in birds:

deployCard(b. id)
turn

def stickFigure_cardEffect(P):
------ Stick figure man has no
attack points, and dies
immediately upon being
played. Deploy a bird
card.”"”
setAttack(this, 0)
setHeal th(this, 0)
deployCard(
getCard(bird_cardType))
turn
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def birdAttack_cardEffect(P):
Search your card deck for
two cards of type bird.
Deploy them on the

battlefield; they can all
attack as soon as they are

deployed. ™"
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Figure 1: Our process fine-tunes a smaller language model to predict which API calls might be used, and then select example
code snippets based on its predictions. Those code snippets are then placed into a few-shot prompt that the code generator uses

to write code.

CCGs may produce the equivalent or near-equivalent in-
game effects. Evaluation metrics such as CodeBLEU (Ren
et al. 2020) attempt to address the functionality problem by
weighting the BLEU score for assessing multiple “transla-
tions” along with the syntactic abstract syntax tree match,
but this still prefers predictions that are formatted similarly
to the gold standard and underperforms human judgment on
choosing effective code (Evtikhiev et al. 2022). The chal-
lenge of generating code for card effects in CCGs is further
exacerbated due to fact that many cards may contain “flavor
text,” e.g., text that describes how the character represented
in a card relates to the larger mythology of the game, but
does not modify the card’s effects in any way.

Ling et al. used latent predictor networks to automati-
cally generate code for MtG and Blizzard Entertainment’s
Hearthstone (Grad 2017) cards (Ling et al. 2016). Their
method was able to identify common effects and generate
code for cards in the test set, which were then evaluated for
their similarity to others in the train set. However, the model
was unable to generalize natural language terms outside the
scope of game-specific keywords and, therefore, produced
high inaccuracies when presented with card effects it had
not previously seen. Further, they did not address functional
correctness, as generated code that was functionally equiv-
alent but syntactically different from correct code may have
been marked as incorrect.

Many current models have focused on addressing the
functionality concern (Zhong, Yu, and Klein 2020; Ra-
jkumar, Li, and Bahdanau 2022). The CodeGen-Test
model (Zhong et al. 2022) implements a code testing step
in the model training and backpropagates the results of the
tested code along with the syntactic similarity metrics. The
model was found to outperform the existing state-of-the-art
models in similarity as measured by BLEU, which performs
poorly in differentiating code, and Rouge-L, which is bet-
ter at emulating human judgment (Evtikhiev et al. 2022).

Furthermore, it also significantly outperformed those same
models in functional correctness.

With the massive growth of large language models (LMs),
even the process of fine-tuning has become computationally
expensive to the point of infeasibility for many tasks. How-
ever, methods to teach these models to perform specific tasks
are still necessary. The emergence of massive generative lan-
guage models like GPT-3 (Brown et al. 2020) has led to an
increased interest in the use of prompt engineering, whereby
the researcher focuses on how to structure the prompts that
are given to the LMs to generate their outputs, rather than
on fine-tuning the LM. Prompts can also be fine-tuned by
feeding them into language models and adjusting the prompt
based on the output received.

OpenAl’s GPT-3 Codex (Chen et al. 2021) was trained
on code from Github and performed at state-of-the-art levels
in code generation tasks. Codex produced significantly im-
proved results on HumanEval for measuring functional cor-
rectness, compared to GPT-3 and GPT-J. Subsequent mod-
els which use prompting to build on top of Codex and gen-
erate SQL code have shown further improvements in flu-
ency (Scholak, Schucher, and Bahdanau 2021; Poesia et al.
2022) and adequacy (Rajkumar, Li, and Bahdanau 2022;
Trummer 2022). Codex is able to take, as its input prompt,
code examples or human-understandable text describing
code to be written.

Presumably, we can use the prompt to tell Codex to write
the code implementation of a card in a CCG, given the text
written on the card. The prompt can be quite large: the size
of the prompt plus the maximum output size is roughly 8,000
tokens (each token is roughly 3 characters). But even this
prompt size is not large enough to teach Codex how to use
the massive XMage APIL. And fine-tuning Codex is simply
not plausible for multiple reasons: GPT-3 is not publicly re-
leased, and even if it were, it requires massive computational
capabilities far beyond that of most organizations (includ-



