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Abstract.

Statutory reasoning refers to the application of legislative provisions to a series
of case facts described in natural language. We re-frame statutory reasoning as an
analogy task, where each instance of the analogy task involves a combination of
two instances of statutory reasoning. This increases the dataset size by two orders
of magnitude, and introduces an element of interpretability. We show that this task
is roughly as difficult to Natural Language Processing models as the original task.
Finally, we come back to statutory reasoning, solving it with a combination of
a retrieval mechanism and analogy models, and showing some progress on prior
comparable work.
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1. Introduction

In the legal domain, predicting case outcomes is a critical task that requires multiple
complex skills. One of them is statutory reasoning, the ability to understand statutes and to
apply them to the facts of a case. Prior work has introduced the StAtutory Reasoning As-
sessment dataset (SARA), framing statutory reasoning as a textual entailment problem [1].
Here, we re-frame statutory reasoning as an analogy problem.

In the SARA dataset, each data sample consists of a case and a relevant statute, where
a case is a set of facts described in natural language, and statutes refer to the relevant
sections adapted from US Federal Tax Law (as seen in Figure 1, leftmost example). Each
example is either labeled entailment or contradiction, depending on whether the statute
applies to the case.

The SARA dataset considers cases in isolation. In contrast, most legal systems
emphasize the interdependency of cases. For example, consistency of decisions across
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Figure 1. Performing statutory reasoning as a combination of retrieval and analogy. To determine the label
of (S,C), candidate statute-case pairs are retrieved from a set of prototypes, and used to form quadruples. The
quadruples are labeled as analogical or not. Analogy labels are aggregated through voting to yield labels for
statutory reasoning.

cases is a desirable property of a legal system. This form of consistency can be framed
as an analogical relationship between two pairs [2]. This relationship is expressed as
a:b::c:d, representing a is to b as c is to d; for example, the calf is to the cow as the foal
is to the mare.

We extend this concept to the domain of statutory reasoning, wherein S and C
denote statutes and cases, respectively. Instead of focusing solely on the relationship
between S and C within one data sample, we put two pairs together to form a quadruple
(S1,C1,82,C5), so as to capture the relationship between the two statute+case pairs (S1,C))
and (S, C,). We label the quadruple as analogy if both pairs in S} : Cj :: Sy : C; share the
same entailment label (entailment/contradiction), and not analogy otherwise.

The rationale behind forming these analogies is that different statutes and cases might
have inherent correspondences that an NLP model can detect and leverage. For instance,
tax rates mentioned in one statute (e.g., §1) might have similarities to those in another,
differing mainly in value. Subparagraphs in statutes like §152(d)(2) and their affiliated
cases hint at a pattern of similarity, suggesting that analogies based on word swaps could
be potent. Moreover, for the analogy to be meaningful and robust, it’s crucial that the two
statutes being compared, S and S, are not identical. As indicated by [2], when S} equals
S», the analogy breaks down. Taking an example from word analogies, “king is to king
as man is to woman” is inherently misleading. More formally, the case S1=S2 can be
represented as S1: C1 :: S1: C2, leading to C1:C2 :: S1: S1, implying C1 = C2.

By employing this methodology, we can increase the size of the dataset from N to
(g’ ) We evaluate multiple methods on this task, utilizing accuracy as the metric, defined
by the proportion of instances where the methods accurately predict the analogy/not
analogy label. While the SARA dataset also contains a set of cases requiring numerical
answers, we focus on the entailment component of the SARA dataset, as it lends itself
best to being reframed as an analogy problem.

Furthermore, we use trained analogy models to solve the original textual entailment
problem. In doing so, we simulate the process of looking at similar prior cases for
deciding a new case. Given a new example (S;,C;), we retrieve top similar pairs (S,,C;)
from our prior cases with known entailment labels to constitute new analogy tuples,
(St,Ct, Sy, Cr). We predict the entailment label of (S;,C;) based on analogy labels predicted
for (S;,C;,S,,C,), as illustrated in Figure 2. The use of analogies and the retrieval of
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Figure 2. Data generation. (S;,C)) and (S3,C3) are pairs from the SARA dataset labeled entailment; (S»,C2)
and (S4,Cy) are labeled contradiction. When forming quadruples, (S1,C1,S4,Cs) and (S2,C2,S3,C3) are labeled
not analogy (white cells); (S1,Cy,S3,C3) and (S2,C»,84,C4) are labeled analogy (green cells).

similar cases independently provide a form of interpretability to the model’s decision, that
is absent from the direct application of Large Language Models (LLMs) and from most
statistical models.

2. Related Work
2.1. Statutory Reasoning

Prior approaches to statutory reasoning range from expert-constructed symbolic systems
to large neural language models. Expert systems for legal tasks rely on the manual
translation of rules into code, to build knowledge-based systems [3]. Examples include the
formalization of part of the Canada Income Tax Act [4] and of the 1987 British Nationality
Act [5], as well as the SARA dataset. By construction, these systems are highly accurate,
consistent, and auditable. However, they rely heavily on the accumulated experience of
experts and they do not have any self-learning capabilities, making their extension to new
legislation and cases labor-intensive.

At the other end of the spectrum, machine reading models based on statistical methods
are trained with labeled data, with the goal of generalizing to unseen cases and legislation.
Direct application of BERT [6] to SARA only garners marginal improvement over a
majority baseline [1], mostly due to scarce training data. Subsequent studies have further
improved upon this baseline from two distinct perspectives. First, the integration of
GPT-3 [7], jointly with specific prompting techniques such as Chain-of-Thought [8],
and zero-shot reasoning [9], resulted in a significant improvement over prior work [10].
Numerous LLMs have been evaluated on the SARA dataset, with varying success [11],
suggesting that performance depends on model size and possibly on pre-training data.

Second, with the SARA v2 dataset, statutory reasoning is decomposed into four
sequential tasks [12], in order to reduce the complexity associated with tackling statutory
reasoning in a single reasoning step. In the same vein, some methods consider the law
as a series of provisions and use Natural Language Processing (NLP) techniques to
semantically classify and extract rules from legal documents [13,14]. The aim is to extract
semi-structured information from legal language using shallow parsing. These approaches
are mainly helpful for legal analysts and do not achieve automatic statutory reasoning in
the stricter sense.

2.2. Analogical Reasoning
Analogical reasoning has been used in a number of Al tasks [15]: machine translation [16],

computer vision [17], solving visual puzzles [18], learning to rank [19], infer alia. In
NLP, analogical reasoning is often framed as a geometrical relationship between high-
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dimensional vector embeddings such as Word2vec [20] and GloVe [21]. Later on, these
methods were extended with the vector offset method, designed to solve word analogy
problems: a modified form of cosine distance between embeddings captures analogical
relationships between the words they represent [22]. In [2], this method is generalized
by turning analogical relationships into a binary classification task: a quadruple of words
either is or is not a valid analogy. In contrast with the geometric view of analogy described
earlier, a neural-network-based binary classifier is learned directly from labeled examples.

Going from words to sentences, analogical reasoning can be used for question
answering [23] and sentence-level analogies [24], demonstrating the effectiveness of
analogy-based reasoning at the sentence level. Our work relies on analogical reasoning at
the sentence and paragraph level.

In a legal context, statutory reasoning is distinct from case-based reasoning. Our goal
is to reason with statutes, and we try to leverage (dis)similarities between statutes and
cases, in contrast to predicting case outcomes based on other cases. Case-based reasoning
is occasionally associated with a form of analogical reasoning. For example, cases can
be represented as a set of high-level features [25], so that predicting outcomes involves
a comparison of the current case to a set of related cases. Beyond that, there is a rich
literature on case-based reasoning with some form of analogical reasoning [26].

3. Methodology

This section presents an analysis of the analogical task for statutory reasoning, which
poses a challenge due to the absence of a dedicated dataset. To overcome this limitation,
we generate quadruples in Section 3.1. Subsequently, the analogical task is evaluated using
GPT-3.5 [27] and GPT-4 [28], which have demonstrated exceptional performance across
various language tasks, including statutory reasoning [10]. The vector offset method
described above serves as the baseline for this analogy task. Then, the analogy task is
framed as a textual entailment task, so that textual entailment models can be tested. We
also explore solving statutory reasoning by transforming it into an analogy problem, and
applying our best-performing analogy models augmented with retrieval mechanisms.

3.1. Quadruple Generation

We use the SARA dataset [1] to generate examples of analogies, to be used as training
and test data.? The dataset, which is based on the U.S. Tax code, includes one entail-
ment and one contradiction case for each atomic law in the SARA statutes. Analogical
quadruples can be constructed from these case-statute pairs, as illustrated in Figure 2.
Positive quadruples comprise two entailment cases, or two contradiction cases. Negative
quadruples comprise one positive and one negative pair. Within each train, dev and test
sets we create analogies by taking all possible combinations of 2 entailment pairs. By
applying this process, the training set expanded from 158 to 12403 examples.> Examples
of analogical quadruples can be found in Appendix A.

2This new dataset can be found at: https://nlp.jhu.edu/law/sara-analogy.tar.gz

3The dev and test sets expanded from 38 and 80 to 703 and 3160 examples. The original SARA dataset has
respectively 158, 18, 100 in train, dev and test set. In order to maintain a reasonable proportion between dev and
test set after transforming them into analogy examples, we randomly moved 20 examples from test to dev set.
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3.2. GPT Models on the Analogy Task

We set out to test how the most powerful GPT-3.5 [27] and GPT-4 [28] models currently
exposed through public APIs would perform this analogy task, testing a number of
prompts. Prompts details can be found in Appendix B.

Few-shot. For a given test case, we utilize three additional training cases as prompts,
each comprising the full text of S1, C1, S2, and C2. The text of each case in the prompts
is separated into two distinct segments, designated as “Context” and “Hypothesis”. A
comparative question — “Question: Is S1 to C1 as S2 to C2?7” — and the corresponding
answer — “A: Yes or No” — are appended to these training cases. Finally, we attach the
test case with the same format as the training cases.

Zero-shot. 'We use the test case with the previous format as a prompt without additional
training cases.

Chain-of-Thought. We use six training examples comprising four sentences labeled as
S1, C1, S2, and C2, respectively. A query is attached to each example in the format of “Is
S1to C1 as S2 to C27” and a corresponding chain-of-thought explaining the reasoning for
the comparison, concluding with either a positive (“Yes”) or negative (“No”’) response.

3.3. Vector Offset Method

Similar to the modeling assumption of [22], the relationship between (S;,C;) and (S2,C»)
can be expressed as a relationship between vectors in embedding space. We encode each
sentence into a fixed-length embedding that represents its semantics, using Sentence-
BERT [29]. Let fyer(x) be the embedding of sentence x in vector space that is computed
by a Sentence-BERT encoder. To demonstrate the usefulness of computing pairwise
offsets, we empirically test two methods, both illustrated in Figure 3.

Quadruple approach. Here, the relationship between (S1,C;) and (S»,C,) is expressed
as the relationship between two offsets in embedding space: the offset from S; to Cj,
and that from $; to C;. First, we compute the relationships between statutes and cases as
vectors:

8(S1,C1) = fbert(S1) — fobert(C1) e))

and likewise for (S»,C5). Then, we compute the cosine similarity between pairs of
differences. The score indicates whether these two sentences are analogical. A higher
similarity score indicates a higher degree of analogy.
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| o g(81,61)8(82,6)
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Pair approach. As a comparison, illustrated in the top of Figure 3, we compute the
cosine similarity of (S1,C)) and (S2,C,) directly. For that, we embed the concatenation
of statute and case using Sentence-BERT. The similarity score is computed as:

. _ fsbert (Sl + Cl) . fsbert (SZ + C2)
SIm((S1,€1), (52,€2)) = 1 e T owen (52 £ Gl ®)

where “4” is string concatenation. As a final step, since our approach is based on
computing similarity scores, we set a threshold to map similarity scores to binary labels.

3.4. Binary Classification with T5-Large

Since we now have a dataset of legal analogy quadruples (S;,Cj,S2,C») and their cor-
responding labels denoting whether it is analogical or not, we can run this task as a
binary classification task. For each classification example, we pass as input the string
S1+C1 4+ 52+ C,. We expect as output a binary label, either 0 (not analogy) or 1 (anal-
ogy). We fine-tune T5-Large on this binary classification task, using an MLP on top of
the meanpool of the token representations. In Section 4.3, we swap out T5-Large for
bert-base-cased, to test the impact of the encoder.

3.5. Statutory Reasoning as Retrieval and Analogy

Connecting our analogy task to the original statutory reasoning task, we seek to answer the
entailment problem by solving the analogy problem with the aid of retrieval mechanisms.
This is based on the idea that a new case should consult previous similar cases to make a
judgment. The following process is illustrated in Figure 1.

When given a test case, we first retrieve the most similar k cases from the training set
using a retrieval mechanism — either BM25 (Sparse Retrieval) or Dense Passage Retrieval
(DPR). BM25 computes the concentration of the exact queried tokens in candidate texts,
while DPR [30] represents both the query and texts using high dimensional vectors and
computes a dot-product between them. We concatenate the test case to each retrieved train
example, so as to make k instances of the analogy task, and then predict the analogy labels
using our best-performing models for the analogy task. Next, according to the entailment
labels of train data examples and the analogy labels, we obtain k predicted labels for the
test example: if the label is analogy, the test example and the train example would have
the same label; if no, then otherwise. Finally, a majority vote based on the k predicted
entailment labels produces the final predicted entailment label on the test example.
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Figure 4. Prediction accuracy as a function of the similarity threshold, for different methods of computing
similarity scores. A similarity score larger than the threshold will be labeled as analogy, otherwise not analogy.

4. Experiments and Results
4.1. Analysis with GPT models

We conducted experiments on three models associated with GPT-3.5 and GPT-4, specifi-
cally focusing on different prompts, including zero-shot, few-shot, and chain-of-thought
described in Section 3.2. For zero-shot and few-shot settings, we additionally introduced
a “zero chain-of-thought” [9] approach, i.e., using the prompt “Let’s think step by step”,
to assess the model’s performance on the analogy task.

Table 1. Performance of GPT-3.5 and GPT-4 on the analogy task. 5 different test sets of 100 items each are
selected at random. We report the standard deviation of the accuracy across the 5 sets, using “+”. “Zero” CoT
indicates we used the prompt “Let’s think step by step” [9].

Zero CoT | text-davinci-003  gpt-3.5-turbo-0301  gpt-4-0613

Y 53+2 49+3 512
zero-shot

N 59+4 54+3 68 +3

Y 50 + 49+2 6+4
6-shot 3 o >

N 53+2 53+ 60 +
6-shot hand-crafted
Chain-of-Thought N 59+3 53+3 57+3

Our results are summarized in Table 1. When evaluating various models on the
analogy task, the exclusion of the prompt “Let’s think step by step” often results in
improved or at least comparable performance across all models. Notably, the gpz-4-0613
model achieves highest performance in the zero-shot scenario without this specific prompt,
underscoring the potential of newer model iterations. The consistent standard deviations
seen in our results point to reliable model performance.

However, GPT models’ capabilities on the analogy task appear to be somewhat
limited. The model, while adept at generating context-rich text, seems better suited for
the entailment task, which directly measures the relationships between statements, as
evidenced by previous work [10]. The introduction of the “Let’s think step by step” prompt
was conceived to guide the model in a more analytical direction. Yet, it may inadvertently
have restricted its natural response mechanism, potentially compromising accuracy. This
observation aligns with more recent empirical findings [31], even if it is seemingly at
odds with other prior research [9].
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4.2. Vector Offset Method for Analogy Task

The generated quadruples were divided into training data and test data, and we ran four
experimental settings. Using the quadruple approach and pair approach mentioned before,
we tested them on SBERT directly and after fine-tuning. As shown in Figure 4, we can
see that all approaches yield close to 50% accuracy. Since the labels are balanced, the
accuracy that would be had with a majority baseline is also 50%. Fine-tuned models
achieve slightly higher accuracies: 52.5% for the quadruple approach, and 51.2% for the
pair approach.

Comparing to our classification-based approach described in Section 3.4, we per-
formed a grid search over hyperparameters with Optuna [32]. The best model achieves a
dev accuracy of 53.3%, and a test accuracy of 50.7%. This is lower than our approaches
based on vector offset. Hyperparameter search and values can be found in Appendix C.

4.3. Statutory Reasoning as Retrieval and Analogy

- , 0.48 ‘\\ // statute-+context+hypothesis BM25

0.48 B S S J context+hypothesis BM25

----- ! : el NS "4 hypothesis BM25

0.46 0.44 el —-- statute+context+hypothesis DenseRetrieval
-~ context+hypothesis DenseRetrieval

0.44 hypothesis DenseRetrieval

1 2 3 4 5 6 7 1 2 3 4 5 6 7
number of retrieved candidates number of retrieved candidates

Figure 5. Statutory reasoning as retrieval and analogy with models from Section 3.4. Left: BERT-based model.
Right: T5-Large-based model.

We experiment with both BM25 and DPR, and using our best-performing entailment
models on the analogy task (described in Section 3.4). As outlined in Section 3.1, each
statutory example contains statute and case elements, with the latter further divided into
context and hypothesis (Figure 1). We experiment with retrieving training examples
based on different parts: hypothesis, context+hypothesis or statute+context+hypothesis.
Additionally, we investigate the impact of varying k, representing the number of similar
training data examples fetched for each test case. We opt for an odd number for simpler
majority voting. Results are shown in Figure 5.

For our T5-Large-based model described in Section 3.4, methods that make use of
more information seem to achieve higher accuracies. Both BM25 and DPR methods using
all of statute+context+hypothesis consistently have above-random accuracies. In contrast,
methods using context+hypothesis have less consistent accuracies, while still performing
better on average than methods using hypothesis only. Only DPR-based methods that use
statute+context+hypothesis consistently have accuracies better than random. Results using
bert-base-cased model are qualitatively consistent with those obtained with T5-Large.

The above experiments suggest that retrieving similar legal cases through DPR
followed by predictions made with analogy models could lead to better performance on
statutory reasoning. Our best-performing configuration achieves an accuracy of 57% in
the statute+context+hypothesis setting. This is an improvement over textual-entailment-
based models [1], although not statistically significant, due to the small size of the test
set. Further investigation using other legal datasets would be helpful to determine the
method’s effectiveness.
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5. Discussion and Conclusion

In this article, we reframed the SARA dataset as an analogy problem, generating 15,400
analogy samples from 176 entailment samples. Our exploration involved evaluating
various methodologies, leveraging both LLMs and fine-tuning strategies tailored for
BERT-like architectures. We observe the challenges and intricacies of the analogy task, a
domain even powerful models like GPT find demanding. To gain insights into the results,
we examined GPT outputs on 5 cases drawn at random and categorized them based on
recurring patterns. See examples of typical behaviors of models in Appendix D.

Table 2. Summary of Model’s Behavior on Analogical Reasoning Task. The result comes from both gpt-3.5-
turbo-0301 (Turbo), text-davinci-003 (Davinci) and gpt-4-0613 (GPT-4).

L Occurrence
No. | Description —
Davinci | Turbo | GPT-4 %

1 Reasons whether S1 applies to C1 and S2 to C2 without 12 5 16 44.0%
genuine analogical reasoning.

2 Generates a straightforward (Yes/No) response or re- 7 4 5 21.3%
mains inconclusive.

3 Differentiates between “definition” type and “specific sit- 1 10 0 14.6%
uation” documents. Often concludes negatively regarding
document similarity.

4 Compares S1 to S2 and C1 to C2, occasionally demon- 2 2 3 9.3%
strating analogical reasoning as expected.

5 Other 3 4 1 10.6%

In Table 2, we have delineated discernible patterns in the model’s responses. A
primary observation is the model’s inclination to determine if a Statute applies to a given
Case, subsequently categorizing the outcomes based on this assessment. Beyond such
rudimentary evaluations, our expectation, underscored by behavior No. 4, is for the model
to engage in nuanced reasoning between Statutes and Cases, delving into their inherent
similarities or dissimilarities. As highlighted in Section 1, there is an anticipation that the
model will scrutinize both the definition and scope of statutes.

Of the three models, both text-davinci-003 and gpt-4-0613 frequently simplify the
analogy reasoning into two separate entailment problems for (S1, C1) and (S2, C2). In
contrast, gpt-3.5-turbo-0301 is more inclined to delve into detailed comparisons between
specific definitions and cases, thereby overlooking the reasoning of the underlying rela-
tionships. Both scenarios suggest that LLMs may not adequately grasp the concept of an
analogy relationship between two pairs.

In our study, we observed that recasting tax law entailment within the framework of
analogical reasoning presents challenges comparable to the original statutory reasoning
task. Interestingly, models with suboptimal performance in analogy can still be adapted to
serve the original statutory reasoning objective in our retrieval approach, yielding some
improvement, albeit not reaching statistical significance.

Therefore, enhancing statutory reasoning could be achieved by integrating more
sophisticated analogy models with advanced retrieval mechanisms, an approach that has
the potential to surpass the results of previous methodologies. In future research, it may
be beneficial to explore approaches to effectively combine these tools. For instance, when
deciding which information is most useful, a weighted approach could be brought into
the final voting, using the scores from BM25 and DPR.
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Appendix A Quadruple Examples

Table 3. An example of an analogical quadruple.

Statute 1 Section 151. Allowance of deductions for personal exemptions (b) Taxpayer and spouse

An exemption of the exemption amount for the taxpayer; and an additional exemption of
the exemption amount for the spouse of the taxpayer if a joint return is not made by the
taxpayer and his spouse, and if the spouse, for the calendar year in which the taxable year
of the taxpayer begins, has no gross income and is not the dependent of another taxpayer.

Case 1 Alice and Bob have been married since 2 Feb 2015. Bob has no income for 2015. Alice

can receive an exemption for Bob under section 151(b) for the year 2015.

Statute 2 Section 63. Taxable income defined (b) Individuals who do not itemize their deductions

In the case of an individual who does not elect to itemize his deductions for the taxable
year, for purposes of this subtitle, the term “taxable income” means adjusted gross income,
minus- (1) the standard deduction, and (2) the deduction for personal exemptions provided
in section 151.

Case 2 In 2017, Alice was paid $33200. She is allowed a deduction under section 63(c)(1) of

$2000 for the year 2017, and no deduction under section 151. Alice takes the standard
deduction. Under section 63(b), Alice’s taxable income in 2017 is equal to $31400.

Label 0

Our quadruple format is shown in Table 3. It is worth noting that for any case, we

can further subdivide it into context and hypothesis as in Table 4.
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Table 4. Example of Table 3 further subdivided into context and hypothesis.

Case Context Hypothesis

Case 1 Alice and Bob have been married since 2 Feb | Alice can receive an exemption for Bob under
2015. Bob has no income for 2015. section 151(b) for the year 2015.

Case 2 In 2017, Alice was paid $33200. She is al- | Under section 63(b), Alice’s taxable income

lowed a deduction under section 63(c)(1) of
$2000 for the year 2017, and no deduction
under section 151. Alice takes the standard

in 2017 is equal to $31400.

deduction.

Appendix B GPT-3.5 Prompts

Figure 6 shows examples of the prompts we used to produce the results in Table 1.

Few-shot learning

S1: Section 2. Definitions and special rules (b) [..]

C1: Context: Alice and Bob got married on Feb 3rd, 1992, Alice
died on July 9th, 2014. From 2004 to 2019, Bob furished the costs
of maintaining the home where he and and his father Charlic lived
during that time. Bob is entitled to a deduction for Charlie under
section 151(c) for the years 2015 to 2019. Bob was a nonresident
alicn until Feb 12, 2018. Hypothesis: Scction 2(b)(3)(A) applies to
Bob in 2019.

82: Section 3306. Definitions (a) Employer 3)[...]

C2: Context: Alice has paid $3200 in cash to Bob for agricultural
Tabor done from Feb Ist, 2017 to Sep 2nd, 2017. Bob has paid
$4200 in cash to Alice for domestic service done from Apr Ist,
2017 to Sep 2nd, 2018 in his home. Hypothesis: Section 3306(a)(3)
applies to Alice for the year 2017.

Q: Is that S1 is to C1 as 82 is to C2?
A: Yes.

S1: Section 3306. Definitions (a) Employer 3)[...]

C1: Context: Alice has paid $3200 in cash to Bob for agricultural
labor done from Feb 1st, 2017 to Sep 2nd, 2017. Bob has paid
$4200 in cash to Alice for domestic service done from Apr Ist,
2017 to Sep 2nd, 2018 in his home. Hypothesis: Section 3306(a)(3)
applies to Alice for the year 2017.

$2: Section 3306. Definitions (b) Wages (3) [...]

€2: Context: Alice has paid $3200 in cash to Bob for agricultural
labor done from Feb 1st, 2017 to Sep 2nd, 2017. Bob has paid
$4200 in cash to Alice for domestic service done from Apr Ist,
2017 to Sep 2nd, 2018 in his home. Hypothesis: Section 3306(a)(3)
applies to Alice for the year 2017.

Q: Is that S1 is to C1 as $2 is to C2?

A: No.

Few-shot Chain-of-Thought

$1: Section 2. Definitions and special rules (b) [...]

C1: Context: Alice and Bob got married on Feb 3rd, 1992. Alice
died on July 9th, 2014. From 2004 to 2019, Bob furnished the costs
of maintaining the home where he and and his father Charlie lived
during that time. Bob is entitled to a deduction for Charlic under
section 151(c) for the years 2015 to 2019. Bob was a nonresident
alien until Feb 12, 2018. Hypothesis: Section 2(b)(3)(A) applies to
Bob in 2019.

$2: Section 3306. Definitions (a) Employer (3)L....]

€2: Context: Alice has paid $3200 in cash to Bob for agricultural
labor done from Feb 1st, 2017 to Sep 2nd, 2017. Bob has paid
$4200 in cash to Alice for domestic service done from Apr Ist,
2017 to Sep 2nd, 2018 in his home. Hypothesis: Scction 3306(a)(3)
applies to Alice for the year 2017.

Q: Is that S1 s to C1 as S2 is to C2?

A: In Case 1, Bob fulfills the conditions of Statute 1 in 2018. Tn
Case 2, Alice fulfills the conditions of Statute 2 in 2017. Therefore,
Statute 1 is to Case 1 as Statute 2 is to Case 2.

$1: Section 2. Scction 63. Taxable income defined (B)[...]
Cl: Context: In 2017, Alice was paid $33200. She is allowed a
deduction under section 63(c)(1) of $2000 for the year 2017, and
no deduction under section 151. Alice takes the standard
deduction..

$2: Secction 1. Tax imposed (d) [..]

C2: Context: Alice is married under section 7703 for the year 2017
AliceV's taxable income for the year 2017 is $554313. Alice files a
Separate return from her spousc. Hypothesis 2: Alice has to pay
$207772 in taxes for the year 2017 under section 1(b)..

Q: s that 155 o C1 a5 82 35 t0 €27

A: In Casc 1, Alice is allowed a deduction of $2000 under

section 63(c)(1) and takes the standard deduction. Her taxable
income is $31400. In Case 2, Alice's taxable income is $554313,
which s over $250,000. Under section 1(b), she has to pay.
$207772 in taxes. Therefore, Statute 1 is to Casc 1 as Statute 2 is
to Case 2..

Zero-shot

S1: Section 3306. Definitions (a) Employer 3)[...]

C1: Alice has paid $3200 in cash to Bob for agricultural
labor done from Feb 1st, 2017 to Sep 2nd, 2017. Bob has
paid $4200 in cash to Alice for domestic service done from
Apr Ist, 2017 to Sep 2nd, 2018 in his home. Hypothesis:
Section 3306(a)(3) applics to Alice for the year 2017.

S2: Section 3306. Definitions (b) Wages (3) [...]

C2: Alice has paid $3200 in cash to Bob for agricultural
labor done from Feb Ist, 2017 to Sep 2nd, 2017. Bob has
paid $4200 in cash to Alice for domestic service done from
Apr 1st, 2017 to Sep 2nd, 2018 in his home. Hypothesis:
Section 3306(a)(3) applies to Alice for the year 2017.

Q: Is that S1 is to C1 as S2 is to C2?
A: No.

Zero-shot Reasoning

$1: Section 152. Dependent defined (d)[...]

C1: Context: Alice and Bob started living together on April
15th, 2014. Alice and Bob are not married. Hypothesis:
Alice bears a relationship to Bob under section 152(d)(2)(H)
for the year 2018.

$2: Section 68. Overall limitation on deductions (b)[...]

C2: Context: In 2016, Alice's income was $567192. Alice is
a head of houschold for the year 2016. Hypothesis: Under
scction 68(b)(1)(B), Alice's applicable amount for 2016 is
equal to $275000.

Q: Is that S1is to C1 as S2 is to C2?

A: Let’s think step by step. S1 is related to C1 because it's
providing information about the standard deduction for a
nonresident alien individual. S2 is related to C2 because it's
providing information about the relationship between Alice
and Charlie. So, the answer is no.

Figure 6. Prompts used in Section 3.2 to process the analogy task with GPT models. The top orange boxes
contain example quadruples. In the zero-shot setting there are no examples. The blue box at the bottom contains

the test quadruple. Text highlighted in yellow is generated by a GPT model.

Appendix C Hyperparameters

This section describes the hyperparameter range explored with Optuna in Section 4.2.
Table 5 shows the range explored for each hyperparameter, and Table 6 shows the hyper-
parameters of the best-performing model.

Appendix D Models’ Behavior

Table 7 shows examples of typical behavior, for the same input analogical quadruple. The
description of the behaviors can be found in Section 5. The input to the model is shown at

the bottom of the table.
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Table 5. Hyperparameters in the hyperparameter search for T5-Large-based models.

Part of model

Hyperparameter

Value range

Encoder model

Number of trainable layers (counted

from the last layer)

0,1,2,3,4

MLP Number of units per layer {128, 256, 512, 1024, 2048}
Number of hidden layers {0,1,2,3, 4}
Trainer Batch size {8, 16, 32, 64, 128, 256}

Learning rate

Learning rate warmup
Learning rate scheduler
Optimizer

Number of epochs to train for
Gradient clipping

[1e-7, 1le-3]

[0,0.5]
constant_schedule_with_warmup
huggingface_adamw

100

1.0

Table 6. Hyperparameters of the best T5-Large-based model.

Part of model

Hyperparameter

Value range

Encoder model

Number of trainable layers (counted 4

from the last layer)

MLP Number of units per layer -
Number of hidden layers 0

Trainer Batch size 16
Learning rate 5.9493¢-06
Learning rate warmup 4.9602e-3
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Table 7. Examples of four typical outputs from the model.

Example

Statute 1 defines "wages” for the purpose of determining taxable income and includes remuneration
paid in any medium other than cash, except for certain types of payments. Case 1 involves Alice
paying Bob for work done and making payments into a retirement fund and life insurance. The
hypothesis suggests that section 3306(b)(2)(C) applies to the life insurance payment. Based on
these facts, it is reasonable to conclude that the hypothesis is supported by Statute 1. Statute 2
defines “employer” for the purpose of determining who is responsible for paying wages. It includes
specific criteria for domestic service in a private home, local college club, or local chapter of a
college fraternity or sorority. Case 2 involves Alice and Bob exchanging cash for agricultural labor
and domestic service. The hypothesis suggests that section 3306(a)(3) applies to Bob for the year
2018. Based on these facts, it is reasonable to conclude that the hypothesis is supported by Statute
2. Therefore, the answer is yes, Statute 1 is to Case 1 as Statute 2 is to Case 2.

Yes, Statute 1 is to Case 1 as Statute 2 is to Case 2.

No, Statute 1 does not directly apply to Case 1 as Statute 2 applies to Case 2. Statute 1 in Case
1 pertains to the definition of “wages” for the purposes of the chapter, specifically excluding
certain payments made to employees or their dependents under a plan or system established by an

employer on account of death. On the other hand, Statute 2 in Case 2 defines the term “employer
for domestic service in a private.

Yes, Statute 1 to Case 1 is as Statute 2 is to Case 2. Both statutes pertain to specific definitions re-
lated to employment and wages, and the cases provide specific examples of employment situations
to which the statutes could be applied. In both cases, the application of the statute hinges on the
nature of the remuneration paid by the employer to the employee and the conditions under which
it was paid.

Input

>

Statute 1: Section 3306. Definitions (b) Wages For purposes of this chapter, the term “wages’
means all remuneration for employment, including the cash value of all remuneration (including
benefits) paid in any medium other than cash; except that such term shall not include- (2) the
amount of any payment (including any amount paid by an employer for insurance or annuities,
or into a fund, to provide for any such payment) made to, or on behalf of, an employee or any of
his dependents under a plan or system established by an employer which makes provision for his
employees generally (or for his employees generally and their dependents) or for a class or classes
of his employees (or for a class or classes of his employees and their dependents), on account
of- (C) death;Case 1: Premise: Alice has paid $45252 to Bob for work done in the year 2017. In
2017, Alice has also paid $9832 into a retirement fund for Bob, and $5322 into life insurance for
Bob. Hypothesis 1: Section 3306(b)(2)(C) applies to the payment Alice made to the life insurance
fund for the year 2017.Satute 2: Section 3306. Definitions (a) Employer (3) Domestic service In
the case of domestic service in a private home, local college club, or local chapter of a college
fraternity or sorority, the term “employer” means, with respect to any calendar year, any person
who during the calendar year or the preceding calendar year paid wages in cash of $1,000 or more
for such service.Case 2: Premise: Alice has paid $3200 in cash to Bob for agricultural labor done
from Feb 1st, 2017 to Sep 2nd, 2017. Bob has paid $4200 in cash to Alice for domestic service in
his home, done from Apr Ist, 2017 to Sep 2nd, 2018. Hypothesis 2: Section 3306(a)(3) applies to
Bob for the year 2018.Question: Is Statute 1 to Case 1 as Statute 2 is to Case 2?




