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Benchmarks

Chenxi Li

Chair of the Supervisory Committee:
Fei Xia
Department of Linguisitics

Recent progress in large language models (LLMs) has marked a notable milestone in the field of
artificial intelligence. The conventional evaluation of LLMs primarily relies on existing tasks and
benchmarks, raising concerns about test set contamination and the genuine comprehension abilities of
LLMs. This study introduces a novel approach by developing unique datasets to circumvent potential
data contamination issues and scrutinizes LLMs’ adaptability to new tasks, their sensitivity to prompt
variations, and their error tendencies. We investigate the capacity of LLMs to adapt to new but simple
tasks, especially when they diverge from the models’ pre-existing knowledge. Our methodology
emphasizes the creation of straightforward tasks, facilitating a precise error analysis to uncover the
underlying causes of LLM failures. This strategic approach also aims to uncover effective strategies

for enhancing LLM performance based on the detailed error analysis of system output.
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Chapter 1
INTRODUCTION

LLMs have produced impressive results on many NLP tasks and existing studies for evaluating
LLMs mainly leverage benchmark datasets for existing tasks, such as question answering (Berant
et al., 2013; Joshi et al., 2017; Kwiatkowski et al., 2019; Reddy et al., 2019), reasoning (Clark et al.,
2018), and math word problems (Hendrycks et al., 2021a; Cobbe et al., 2021b; Shi et al., 2022). These
evaluation approaches face the test set contamination issue (Oren et al., 2023). Data contamination is
when test data are seen by LLMs during pre-trainig, inflating the model performance. Therefore, it is
not clear if the high performance of LLMs results from the ability to correctly answer questions in
the existing benchmark or relying on the memorization of prior knowledge during training.

Another challenge with prior research lies in the increasing complexity of benchmark tasks.
Paired with the frequent absence of thorough error analysis, the resulting performance metrics often
amount to mere numbers. They lack the substantive insights necessary for understanding why models
struggle with certain tasks, which is essential for improving LLMs in the future. In this study, we
create new tasks and new datasets instead of exploiting current benchmarks to reduce the risk of data

contamination, addressing the following research questions:

* (Q1) How effectively can LLMs adapt to new tasks, particularly when instructions in the

prompts conflict with the model’s prior knowledge?

* (Q2) How robust are LLMs to minor variations of prompts?

* (Q3) What are the common error types made by LLMs in our designed tasks?

* (Q4) Drawing from the insights gained in the preceding questions, what strategies can be

employed to enhance LLMs’ performance on specific tasks?

Importantly, our tasks are designed to be novel but simple to facilitate identifying the source of LLMs’



deficiencies during error analysis. In addition, based on detailed error analysis, we improve system

performance via techniques such as chain of thought (Wei et al., 2022) prompts.



Chapter 2

RELATED WORK

LLMs have exhibited unparalleled performance across various tasks, garnering significant at-
tention in both academic and industrial circles. This surge in popularity has prompted a growing
emphasis on the evaluation of LLMs in recent years. Numerous studies of different approaches
have been undertaken to assess LLMs. Some aim to comprehensively evaluate LLMs by scaling
across multiple popular benchmarks, while others concentrate on scrutinizing specific abilities of
LLMs through the introduction of newly developed datasets, underscoring the importance of such
data. Additionally, there are studies that delve into exploring the versatility and robustness of LLM:s,

particularly in response to minor variations in prompts

2.1 Evaluations on existing benchmarks

In previous years, researchers have developed datasets that have earned widespread recognition
within the field. For instance, benchmarks like GLUE (Wang et al., 2018) and SuperGLUE (Wang
et al., 2019) have become pivotal in evaluating models’ proficiency in natural language understanding,
while GSMS8K (Cobbe et al., 2021a) and MATH (Hendrycks et al., 2021b) are frequently cited when
assessing the mathematical capabilities of LLMs. Despite being established prior to the emergence
of numerous new models, these benchmarks continue to serve as foundational pillars for evaluating

model performance.

As a result, some papers now concentrate on assessing the efficacy of new models using these
established benchmarks (Laskar et al., 2023; Bang et al., 2023; Qin et al., 2023). By evaluating these
new models against classic benchmarks, they aim to provide valuable insights into the comparative
strengths and weaknesses of different models. At the same time, these works also serve as a record

for future reference and thus encourage competition and innovation.



2.2 Development of new benchmarks

Previous benchmarks do provide a solid ground for the evaluation of LLMs, but some researchers
have identified gaps in current datasets and proposed new benchmarks to address these limitations.
For example, GHOSTS and miniGHOSTS (Frieder et al., 2023) were introduced to assess graduate-
level mathematical abilities holistically, as previous benchmarks in this domain were deemed either

too simplistic or too small in scale.

In the realm of reasoning, LogiEval (Liu et al., 2023) was created by combining newly created
out-of-distribution datasets with existing logic reasoning benchmarks such as LogiQA (Liu et al.,
2020), aiming to evaluate LLMs’ reasoning robustness to novel data. Likewise, NeuRL (Xu et al.,
2023) was designed to gauge pure reasoning ability through content-neutral reasoning questions,

driven by concerns that model performance could be influenced by knowledge bias.

These new benchmarks proposed to evaluate LLMs allows researchers to address limitations in
existing datasets and provide comprehensive assessments of LLM capabilities in specific domains or

tasks.

2.3 Evaluation on Robustness

While a significant body of research is devoted to evaluating LL.Ms on benchmarks, both existing and
new, some studies diverge from benchmark-centric approaches to explore the versatility of LLMs in
handling different variations of questions. Considerable attention has been focused on evaluating
their resistance to adversarial attacks (Zhao et al., 2021; Hou et al., 2024). Also, LLMs might be
more robust than anticipated to prompts containing demonstration examples of poor quality. For
example, CoT with invalid demonstrations (Wang et al., 2023) and in-text learning demonstrations

with random labels (Min et al., 2022) can both notably improve model performance.

A related study explores the effect of reordering answer choices in multiple-choice questions
on model performance (Pezeshkpour and Hruschka, 2023). However, our approach differs in that
we maintain the answer choices for tasks in the format of multiple choice question, but alter the

placement of key information within the question to test if LLMs maintain a similar performance.



2.4 Evaluation challenges

While Large Language Models (LLMs) have demonstrated remarkable capabilities that surpass even
fine-tuned State-of-the-Art (SOTA) models in specific domains such as mathematics (Bubeck et al.,
2023), reasoning, as suggested by some studies (Gendron et al., 2024; Xu et al., 2023), seems to
be an aspect where LLMs do not consistently outperform smaller models, especially when they are
assessed on out-of-distribution (OOD) datasets (Liu et al., 2023). Notably, many previous studies
have not incorporated human evaluations for comparison. Consequently, the conclusions drawn
regarding the competence of LLMs in certain tasks may lack real-world significance. Without a
direct performance comparison between LLMs and humans, achieving high scores in benchmarks

does not necessarily justify the practical implementation of LLMs in those specific areas.

At the same time, even in experiments where LLMs exhibit remarkable performance, the results
may be influenced by the data contamination problem (Brown et al., 2020). Given the staggering size
of pre-training data, the likelihood of test instances bearing a resemblance discernible to LLMs is

high. This is especially true for datasets that have been available online for an extended period.

The inspection of the source and content of the Colossal Clean Crawled Corpus (Raffel et al.,
2023), upon which some LLMs are trained, reveals that it encompasses evaluation instances for certain
NLP tasks(Dodge et al., 2021). Data contamination could potentially lead to inflated evaluation
results as LLMs are shown to be capable of generating correct answers through memorization (Magar
and Schwartz, 2022).

In addressing this concern, various approaches have been proposed and developed to identify
data contamination, focusing on the degree of exposure of test instances during training (Oren et al.,
2023; Golchin and Surdeanu, 2023). Caution is warranted when reporting evaluation results. In some
studies, the results that could potentially be skewed due to data contamination are flagged so that
readers can use them with caution(Bubeck et al., 2023).

Several studies have integrated strategies to mitigate such risks in dataset development. For
instance, some devised counterfactual tasks that are less likely to have been encountered by LLMs
(Wu et al., 2023), while others constructed datasets featuring false and fictional ontologies, which are
potentially unfamiliar to LLMs (Saparov and He, 2023). While our work draws some inspiration on

such studies, our work differs from theirs in two ways. Firstly, our novel tasks aim to evaluate different



domains than theirs with simple and straightforward tasks. Secondly, we conduct a comprehensive

error analysis to identify common error types made by LLMs on these novel tasks.



Chapter 3
METHODOLOGY

To answer our research questions, we followed the five steps to create six tasks: task design,
data creation, prompt design, evaluation, and error analysis. For the first three tasks, we also further
improve the prompt by adding relevant CoT aimed at solving problems we have discovered in error

analysis. The improved CoT prompts have greatly improved the results.

3.1 Task design

The core of our research idea is to design tasks that challenge LLMs. Our tasks are designed to be
challenging not because they require advanced knowledge or skills. Instead, they are intentionally
designed to be simple. The reason is that complex tasks make it hard to pinpoint where LLMs
struggle during error analysis. The tasks are challenging in that they introduce novel information in
the instructions, something LLMs might not have encountered during pre-training. Also, to ensure
practical relevance, we design the tasks based on real-life problems, aligning them with potential

real-world applications. The design details of each task is in Chapter 4.

3.2 Dataset creation

After task design, we manually wrote an original prompt for each task. We then use these original
prompts as templates and write Python script to generate the whole datasets for each task. Both the
datasets and the gold standards are generated automatically. The details on the dataset creation is in

Chapter 5.

3.3 Prompt design

Previous studies showed that even small changes in the prompt can significantly affect results(Radford
et al., 2021). Therefore, the next step is that we fine-tune the original prompts to ensure LLMs

produce optimal results through small-scale experiments during which we select ten to twenty



instances, evaluate them, and examine the system outputs. We experiment with different wordings for
each prompt, selecting the one that consistently produced reliable outputs. For instance, in Task 1, we
initially restricted LLMs to providing only numerical answers for arithmetic expressions. However,
this led to poor performance. Removing this restriction allowed LLMs to generate task-solving steps
freely, resulting in improved accuracy. Another crucial aspect of conducting meticulous, small-scale
examinations of system output lies in its facilitation of evaluation script development. LLMs can
generate responses that surpass prediction and expectation. By guiding LLMs towards generating
content in desired formats, it becomes feasible to implement evaluation procedures effectively. The

examples of finalized prompt for each task are presented in Chapter 6.

3.4 Evaluation

After finalizing the prompts for each task, we proceed to develop Python scripts and conduct
experiments to generate system outputs from three distinct LLMs. Subsequently, we develop Python
scripts to evaluate these system outputs against the gold standard. The experimental setups for each

task and the detailed results for three LLMs are elaborated in Chapter 7.

3.5 Error analysis

Due to time and resource constraints, we could not conduct an exhaustive error analysis on the
outputs of every dataset. However, we still performed a significant amount of analysis on Task 1,
Task 3, and Task 5, and some on the other three tasks. The selection of error analysis is guided
by two main criteria. Firstly, if one dataset showed notably lower performance compared to others
it was being compared with, we conducted an error analysis to understand the underlying reasons
behind the major drop. Secondly, if a dataset that was conceptually easier yielded unexpectedly low
or similar performance to others, we also investigated this abnormality through error analysis. The

findings of the error analysis are presented in Chapter 8

3.6 Post error analysis CoT prompt design

The extensive error analysis across tasks have allowed us to discover some common types of error

made by LLMs. We then design CoT instructions aimed at eliminating these error types and insert



them into the prompts to further test if such instructions could help models to rectify the mistake
and achieve the correct answer. The details and justification on the CoT instructions are discussed in

Chapter 6; the effectiveness of these CoT instructions is discussed in Chapter 8.



10

Chapter 4

TASK DESIGN

To answer our research questions, we have formulated six distinct tasks. By crafting correspond-
ing datasets and prompts, we ensured comprehensive coverage and contextually relevant responses
from the language model. Furthermore, we also perform detailed error analyses across tasks to

provide insights into its performance and limitations.

4.1 Task 1 & 2: Arithmetic Expression Evaluation with Changed Precedence

Previous studies (Brown et al., 2020; Anil et al., 2023) have tested LLMs’ performance in arithmetic
expression evaluation, revealing that chain-of-thought (CoT) (Wei et al., 2022) enhances model
accuracy. To answer Q1, we change the original task by redefining the precedence of elementary
arithmetic operations to assess LLMs’ ability with changed math rules. In Task 1, the LLM is given
the new precedence and an expression and asked to produce the correct value; In Task 2, the model is
given an expression and its corrected value and asked to choose the correct precedence of operators.
The original prompts for the tasks are shown in Table 4.1. Subsequently, we analyze the system

output to investigate the effect of variations in prompts on model performance, addressing Q2-Q4.

We measure the difference between the new and the standard precedence of expressions by the
number of ‘moves’ needed to change from the latter to the former precedence. The precedence is
represented in a five-slot array. Fig 4.1(a) shows the standard precedence, where ‘*’ and °/’ are in
slot 2, and ‘+’ and ‘-’ are in slot 4. To create a new precedence, we move some operators from their
original slots to new ones. For instance, in Fig 4.1(b), ‘+’ is moved from slot 4 to 1; in Fig 4.1(c), ‘+’
is from slot 4 to 1, and “*’ from slot 2 to 3. We call these three cases no move, one move, and two
moves, respectively. In Section 3.1, we will report system performance with respect to the number of

moves.
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(a) NoMove: “‘*’=/">"+’="-" * / + -

(b) One Move: “+’°>“*’=°/">°." + | *x/ -

(c)TwoMove: “+°>/>>“%’>“-" | + | [/ | % -

Figure 4.1: Redefine priorities of operators in Task 1-2 by moving operators.

Task 1
We redefine the priorities of elementary arithmetic operators as follows: ‘“+* > **’ = -’
Based on the new priorities, what is the value of 8 - 4 * 4 + 9?7 You can give the result as a

decimal, and please put the final numeric result in brackets [], such as [1.0]

Task 2

For the expression 8 - 4 * 4 + 9. the precedence of the operators is redefined. If § -4 * 4 +9
= 52, what is the redefined precedence of the operators? Please choose the correct answer
from A, B, C, and D, and put the final answer choice in brackets, for example, [B].

(A) c+’ — Gk — ¢ (B) 0 — 6k > ¢ (C) c+9 > (X A (D) €0 — Gk — c+9‘

Table 4.1: Example prompt for Task 1-2.

4.2 Task 3 & 4: Machine Translation with Artificial Language

Prior research on machine translation (MT) primarily focus on translation between natural languages
such as English and French (Bawden and Yvon, 2023; Tamura et al., 2023; Zhang et al., 2023).
We choose to use a simple artificial language, Language-A, to probe into LLMs’ understanding of
prompts so that LL.Ms cannot rely on the translation pairs of existing languages that they have seen
during pre-training. In Task 3, LLMs are given an English sentence, the translation of the words,
syntactic and morphological rules of Language-A selected from Table 4.2 and asked to translate

the English sentence into Language-A. Task 4’s prompts include two English sentences and their
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ID Rule

S1 In Language-A, the canonical word order of sentences is Subject-Object-Verb.
(SOV)

S2 In Language-A, modifiers of verbs come before the verbs. If a verb is modified by

PV) both a preposition phrase (PP) and an adverb, the correct word order is PP first, then

the adverb, and then the verb.

S3 In Language-A, modifiers of nouns appear before nouns. When a noun has multiple
(PN) modifiers, the word order is prepositional phrases first, then determiners, then adjec-

tives, and finally the noun.

M1 In Language-A, a singular noun and a plural noun start with prefix ‘S_" and ‘P_’,

(Plu) respectively, followed by its lemma.

M2 In Language-A, verbs in past tense and present tense are represented by the lemma,

(PT) followed by suffix ‘_-’ and ‘_+’, respectively.

M3 In Language-A, each adjective lemma is repeated twice consecutively in a sentence.

(AR)

Table 4.2: The set of rules that a prompt can select when defining Language-A for Task 3.

translations in Language-A as well as the word-level translation pairs. LLMs are asked to infer
Language-A’s syntactic rules (e.g., whether Language-A is SOV or SVO). The original prompts are
shown in Table 4.3.

The tasks assess LLMs’ prior knowledge about linguistics (e.g., the meaning of SVO) and their
adaptability to new linguistic challenges such as translating English into an artificial language,
addressing research question Q1. We explore LLMs’ robustness with respect to prompt variations
(Q2), identify common error types (Q3), and improve LLMs’ performance with CoT based on the

error analysis (Q4).
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Task 3

The following are the linguistic rules of Language-A: <Rules>

For anything not explicitly specified, Language-A follows the same word order as English.
Here are the word pairs between English and the Language-A: <Word Pairs>.

Translate the following simple sentence into Language-A: ‘<English Sentence>’.

Please put the final translated result in brackets [] at the end of your response.

Task 4

<Sentence X 1> in English is translated to <Sentence Y 1> in Language-A <Sentence X2> in
English is translated to <Sentence Y2> in Language-A

Here are the word pairs between English and Language-A: <Word Pairs>.

What is the canonical word order in Language-A: (a) SVO only, (b) VSO only, (c) SVO or
SOV, (d) SOV only

Table 4.3: Example prompt for Task 3 and Task 4.

4.3 Task 5 & 6: Basic Deduction with a Twist

In Task 5, we evaluate LLMs’ reasoning ability on the bAbI dataset (Weston et al., 2015), which has
been evaluated by several studies (Xu et al., 2023; Bang et al., 2023). We adopt the basic deduction
test set from bADbI; an example is shown in Table 4.5. The example prompt contains eight statements:
(1) Wolves are afraid of mice. (2) Sheep are afraid of mice. (3) Winona is a sheep. (4) Mice are
afraid of cats. (5) Cats are afraid of wolves. (6) Jessica is a mouse. (7) Emily is a cat. (8) Gertrude
is a wolf. The question is “What is Emily afraid of’? The correct answer give by the bAbI dataset
is ‘wolf/wolves’ using statements (5) and (7). To answer Q1, we modify the dataset in two ways:
we replace nouns in the original statements with random strings to test LLMs’ ability to handle
unfamiliar entities; to answer Q2; we negate the verb or add some to the subject or object of some
statements to check whether LLMs interpret negation and quantifiers properly during reasoning.

In Task 6, we assess LLMs’ capability to discern semantic nuances of predicates. Some predicates
represent transitive relations (e.g., if X runs faster than Y and Y runs faster than Z, then X runs

faster than Z); Some represent symmetric relations (e.g., ‘X equals Y’ implies ‘Y equals X’). Thus,
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Predicate Types Example of Definition
None-transitive & None-symmetrical X fears Y

Transitive & None-symmetrical X runs faster than Y
None-transitive & Symmetrical X and Y are partially related
Transitive & Symmetrical X and Y have the same speed

Table 4.4: Four types of predicates and examples of definition given in Task 6 prompts.

predicates can be divided into four types according to these two properties, as shown in Table 4.4. We
want to test whether LLMs can distinguish different types of predicates during reasoning. To prevent
LLMs from utilizing their prior knowledge about the actual predicates in English, we define new
predicates (written as random strings) in the prompts and ask LL.Ms to reason about the predicates.

The original prompts of Task 5-6 are in Table 4.5.



15

Task 5

(1) Wolves are afraid of mice. (2) Sheep are afraid of mice. (3) Winona is a sheep. (4) Mice
are afraid of cats. (5) Cats are afraid of wolves. (6) Jessica is a mouse. (7) Emily is a cat. (8)
Gertrude is a wolf.

Based on the above sentences, what is Emily afraid of?

(a) cat (b) mouse (c) wolf (d) sheep (e) not enough information is provided to answer the

question

Task 6

"X BBTuL Y’ means ‘X runs faster than Y’. Suppose (1) X2 BBTuL X3, (2) X4 BBTuL X1,
and (3) X1 BBTuL X2 what does X1 BBTuL.?

(a) Only X2 (b) Only X3 (c) Only X4 (d) X2 and X3

(e) X2 and X4 (f) X3 and X4 (g) X2, X3, and X4

Table 4.5: Example prompt for Task 5 and 6. Task 5 uses the bAbI dataset (Weston et al., 2015); Task
6 uses our own newly created datasets.
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Chapter 5
DATASET CREATION

Following the task design ideas and the template finalized in the prompt adjustment, we then
create dataset for each task. In each subset of data for Task 1 - Task 4 and Task 6, we create 200 test
instances. Each subset for Task 5 contains 250 instances, which are adopted and modified from the

bADbI dataset. The creation is detailed in the following sections in this chapter.

5.1 Taskl1

For Task 1, a test instance is an (exp-priorities, val) pair, where exp is an arithmetic expression,
priorities specify the priorities of the operators in the expression, and val is the correct value of the
expression with the specified priorities. During the evaluation, exp and priorities are inserted into the
prompt template, and the system output is compared with val to calculate the accuracy. We generate

an expression in three steps:

* (1) Pick the number of operators, n, in the expression; in this study we will focus on the cases

when n is 2 or 3.

* (2) Randomly sample (with replacement) n + 1 operands from all the positive integers with m

digits, m ranges from 1 to 5.

* (3) Randomly choose n distinct operators from the four basic operators (‘+’, *-’, “*’, and ‘/°)
to connect the n + 1 operands. We divide the expressions into 2*5=10 subsets based on the

values of n and m.

To generate priorities of the operators in the expression, when n is 2, the two operators in an
expression (e.g., 2+3*4) follow either the standard priorities (e.g., ‘*’ > ‘+’) or the opposite one
(e.g., ‘“+’ > “*’). They correspond to the no-move and one-move scenarios, respectively. When n is 3,

there are six possible orders for evaluating the expression. For the simplicity of presenting evaluation
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results, we pick three of the six possible orders: one with the standard priorities (i.e, no move), one
with one move, and the last one with two moves.

Once we have redefined the priorities, we evaluate the expression based on the priorities to get val.
We keep an expression in our dataset only if its values differ when the priorities change.! For each
(n, m) pairs, our dataset consists of 200 expressions with the redefined priorities and corresponding

values.
5.2 Task2

The dataset for Task 2 is derived from the one with Task 1 with two changes. First, for each test
instance (exp-priorities, val) in Task 1, we randomly pick three wrong choices of the precedence of
the operators in exp such that those choices lead to expression values different from val. Second, we
put the correct and wrong choices in a list, randomly shuffle it, and then assign the choices as Choice

A, B, C, and D in a multiple-choice question.
5.3 Task3

The dataset for Task 3 begins with a manually created seed sentence that contain all six rules in Table
4.2: ‘The yellow dog with a small tail chases the black cat quickly across the park’. We create a test

set for Task 3 in the following steps.

* (1) We add the seed sentence to a prompt and ask GPT4 to generate 200 sentences with similar

structures.

* (2) We use SpaCy? to parse these sentences to obtain the dependency structure. For sentences
that are ambiguous or whose parse trees are incorrect (e.g., with wrong PP attachment), we
make minor modifications to the sentences to remove the ambiguities and ensure that the

resulting parse trees by SpaCy are correct.’

'E.g., we will throw away 2+3*1 because its answer is always 5 regardless of which operator has higher priority.
2h’ctps ://spacy.io/

3For instance, suppose the sentence is ‘NP1 V NP2 PP Adv’, where PP should attach to the verb, but the parser
mistakenly attach it to NP2. We just switch the positions of PP and Adv to get the new order ‘NP1 V NP2 Adv PP’,
which SpaCy can parse correctly.



18

* (3) For each (m,n) pairs (where m and n ranges from 0 to 3), we create a dataset with the
same 200 test instances; each instance consists of an English sentence, m randomly selected
syntactic rules and n randomly selected morphological rules from Table 4.2, and automatically
generated gold standard translation by applying syntactic rules to the dependency structure and

morphological rules to related words (e.g., M1 to a singular or plural noun).

5.4 Task 4

Task 4’s dataset is built upon Task 3. In task 4, Each test question asks LLMs to infer one word order
given two sentence pairs, the English sentence and its Language-A translation. The sentence pairs
are selected from different datasets in Task 3 to create the following four scenarios. Suppose the test
question is ‘what is the canonical word order in Language-A’. The four scenarios based on the word

order in the two Language-A sentences are:

1-order: Both language-A sentences have SOV order, and other word orders (e.g., noun and

its modifier) are the same as in English.

* 1-order-noise: Both language-A sentences have SOV order, but other word orders are different

from English (e.g., in Language-A, nouns follow its PP modifier).

e 2-order: One sentence is in SOV order, and the other is in SVO. Other word orders are the

same as in English.

e 2-order-noise: One sentence is in SOV order, and the other is in SVO; other word orders are
different from English (e.g., nouns follow its PP modifier). All the answer choices in Task
4 is fixed. For example, for prompt that asks about canonical order of Lanaguge A, the four

answers are fixed as ‘(a) SVO only, (b) VSO only, (c) SVO or SOV, (d) SOV only’.

5.5 Task5

For Task 5, we adopt the basic deduction test set from bAbI dataset and change the question format

from question answering to multiple choice question to make the gold answer unique.
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In the original prompt, there are eight statements of two sentence structures: (1) <Person Name>
is a <Animal Name>, (2) <Animal Name 1> is afraid of <Animal Name 1>. The question is “What is
<Person Name> afraid of?” The gold answer is a type of animal. In order to arrive at the gold answer,
two steps of reasoning chain are involved. For instance, for the example displayed in Table 4.5, to
answer ‘what is Emily afraid of?” The two steps - ‘Emily is a cat’ and ‘Cats are afraid of wolves’ -
will obtain the gold answer of ‘wolf’. However, from the small-scaled test, GPT4 produces as the
final answer ‘Gertrude’, which should also be acceptable as ‘Gertrude is a wolf” in this example. To
make the gold answer unique, we modified the original prompt into multiple question format.

Additional datasets are created by modifying each test instance in the original dataset detailed in
Section 4.3. For random string dataset, we replace all the person names and animal names in the
prompts with random strings of length four to six, and leave everything unchanged. For negation
and quantifier dataset, we add ‘not’ or ‘some’ to the evidence sentences used in the reasoning chain
respectively to alter the reasoning chain. For extended dataset, we change the answer choices from
animal names to person names so that the deduction requires one more step of ‘<Person Name> is a

<Animal Name>’ to arrive at the answer.

5.6 Task6

For Task 6, we firstly create a template ‘Suppose (1) X1 p X2, (2) X2 p X3, and (3) X4 p X1, what
does X1 p’. A test instance is created by replacing the predicate ‘p’ in the template with a random
string and assigning the random string one predicate type from Table 4.4. Each predicate type has
200 instances as a separate dataset. For the instances in all four datasets, the answer choices are all
the same, namely ‘(a) Only X2, (b) Only X3, (c) Only X4, (d) X2 and X3, (e) X2 and X4, (f) X3
and X4, (g) X2, X3, and X4’. We intentionally keep the answer choices exactly the same across four
datasets to eliminate the effect of ordering of answer choices on model performance. At the same
time, depending on the predicate type, the gold answer will be different.

Next, we create a comparison set for each predicate type. In the comparison set, we use actual
English words rather than random strings as predicate. Instead, the entities in the sentences are

replaced by random strings to create 200 instances.
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Chapter 6
PROMPT DESIGN

As previously mentioned, we initiated with an original prompt and finalized the prompt for each
task by examining the impact of slight modifications in the wording on the performance of LLMs.
Additionally, for Task 1, Task 2, and Task 3, we incorporated CoT into the prompts to assist LLMs
in avoiding errors identified in the error analysis, aiming to evaluate whether CoT can ultimately

enhance model performance. This chapter delineates the design of these CoT prompts.

6.1 Task1

To test LLMs on Task 1, we experiment with four types of prompts:

* 0-shot: for each test instance, we simply use the prompt without providing any example or

CoT instructions. An example of the full 0-shot prompt is included here:

We redefine the priorities of elementary arithmetic operators as follows: ‘“+’ =/
> F

Based on the new priorities, what is the value of 98 *43 + 29 /25? You can give
the result as a decimal, and please put the final numeric result in brackets [], for

example, [1].

* 0-shot-CoT: The prompt includes CoT instructions ‘Please do this step by step.” at the end of
the prompt, but no demonstration examples are provided in the prompts. An example of the

full 0-shot-CoT prompt is included here:

We redefine the priorities of elementary arithmetic operators as follows: ‘+’ =/’
>

Based on the new priorities, what is the value of 98 * 43 + 29/25? Please do this
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step by step. You can give the result as a decimal, and please put the final numeric

result in brackets [], for example, [1].

* 1-shot: the prompt additionally includes an example expression and its correct answer, but no
CoT instructions are given to illustrate the solution step by step. An example of the full 1-shot

prompt is included here:

We redefine the priorities of elementary arithmetic operators as follows: ‘+’ =/’
>

[Example Question]: What is the value of 62 * 19 + 57/ 747

[Answer]: 63.67567567567567.

Based on the new priorities, what is the value of 98 * 43 + 29/ 25? Please do this
step by step. You can give the result as a decimal, and please put the final numeric

result in brackets [], for example, [1].

* 1-shot-CoT: the prompt additionally includes an example expression, the correct answer, and
the CoT instructions that demonstrates how the example expression should be evaluated at

each step with the newly defined precedence.

We redefine the priorities of elementary arithmetic operators as follows: ‘+’ =/’
>

[Example Question]: What is the value of 62 * 19 + 57/ 74?

[Answer]: Step 1: Since ‘+’ and */’ have the same priority over *, we evaluate ‘+’
and */’ from left to right. In this case, ‘+’ comes before */’, so we calculate ‘+’ first:
19 + 57 = 76, so the expression becomes 62 * 76 / 74.

Step 2: °/” has priority over ‘*’, now we calculate */’: 76 /74 = 1.027027027027027,
so the expression becomes 62 * 1.027027027027027.

Step 3: Finally, 62 * 1.027027027027027 = 63.67567567567567, so the final
answer is [63.67567567567567].

Based on the new priorities, what is the value of 98 * 43 + 29/25? Please do this

step by step. You can give the result as a decimal, and please put the final numeric
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result in brackets [], for example, [1].

1-shot-CoT prompt is devised after the comprehensive error analysis on 200 instances of two-
move expressions with two digits. We have observed that LLMs frequently adhere to standard
precedence rules rather than newly defined ones during calculations. As a result, we opted to design
demonstration examples featuring identical operators positioned in the same sequence within the
prompt’s expression. This aims to guide LLMs in executing consistent calculations. Additionally,
LLMs occasionally exhibit tendencies to omit or include one step in the calculation process, or
use incorrect operands in calucation. Addressing these issues, the CoT instructions comprise three
sequential steps. These steps are devised to systematically guide LLMs through the evaluation

process, ensuring the use of correct operands at each stage.
6.2 Task2

In Task 1, the performance of 0-shot-CoT and 1-shot is worse than that of 0-shot. Given that Task 2
is closely related to Task 1, for Task 2, we experiment with O-shot (as our baseline) and 1-shot-CoT
only. In task 2, LL.Ms are given an expression and its correct value to choose the correct newly
defined precedence out of four choices. To answer the question correct, the most practical approach
is to evaluate the expression with the precedence in four choices and pick the precedence that can
evaluate the expression to the correct answer. Accordingly, we design three types of prompts for

1-shot-CoT (/sc). Here are the explanations and examples for four types of prompts.

* 0-shot, similar to Task 1, is when we use the prompt as it is without providing any instructions.

An example of 0-shot looks like this:

For the expression 8 - 4 *4 + 9, the precedence of the operators is redefined. If 8 -
4 *4 + 9 =52, what is the redefined precedence of the operators? Please choose
the correct answer from A, B, C, and D, and put the final answer choice in brackets,
for example, [B].
A+ = =
B. =>4

C. (+)> Ry 6
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* 1sc-Simple asks the LLM to go through four choices one by one to determine which is
the correct answer. When inspecting an answer choice, 1sc-Simple only provides the final
evaluated value of the expression with the precedence in this answer choice (eg. using the
precedence rule of choice A: “*” = ‘+> = *-’ the expression 3 * 9 + 4 - 9 evaluates to 22) but
does not include instructions on how to evaluate the expression step by step. An example of

1sc-Simple prompt is included here:

[Example Question]:

For the expression 3 * 9 + 4 - 9, the precedence of the operators is redefined. If 3 *
9+ 4 -9 =22 what is the redefined precedence of the operators? Please choose
the correct answer from A, B, C, and D, and put the final answer choice in brackets,
for example, [B].

A B ==

B. 4= >

C. 7> 47> *
D

. s+!>(*’>(_)

[Answer]:
Using the precedence rule in the correct answer choice, the expression 3 *9 + 4 -9

should evaluate to 22. We test four options one by one.

'

Step 1: using the precedence rule of choice A: “*’ = ‘+” = ‘-, the expression 3 * 9
+ 4 - 9 evaluates to 22
Step 2: using the precedence rule of choice B: ‘+’ = ‘=" > “*’, the expression 3 * 9

+ 4 - 9 evaluates to 12
Step 3: using the precedence rule of choice C: -’ > ‘+’ > “*’, the expression 3 * 9
+ 4 - 9 evaluates to 12

Step 4: using the precedence rule of choice D: ‘+° > ‘*’ > ‘-’ the expression 3 * 9
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+ 4 - 9 evaluates to 30

Given above, only with choice A, the expression evaluates to 22, so the correct

answer should be [A]

For the expression 8 - 4 * 4 + 9, the precedence of the operators is redefined.
If8-4*4 + 9 =152, what is the redefined precedence of the operators? Please
choose the correct answer from A, B, C, and D, and put the final answer choice in

brackets, for example, [B].

A. (+): =
B. 0= (*J> (+)
C. (+)> g — 6
D. 0= (+)= k0

* 1sc-Partial adds the instruction for evaluating the expression with the precedence in Choice A,
and that instruction is the same as the one used in 1-shot-CoT in Task 1. The prompt then asks

the LLM to do the same for other choices. An example of 1sc-Partial prompt is included here:

[Example Question]:

For the expression 3 *9 + 4 - 9, the precedence of the operators is redefined. If 3 *
9+ 4 -9 =22, what is the redefined precedence of the operators? Please choose
the correct answer from A, B, C, and D, and put the final answer choice in brackets,
for example, [B].

A R ==

B. 4+ ="

C. "> 4>

D. (+)> r*)> 0

[Answer]:

Using the precedence rule in the correct answer choice, the expression 3 *9 + 4 - 9
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should evaluate to 22. We test four options one by one.

For A: The value of 3 * 9 + 4 - 9 can be calculated as follows: Based on the

<,

precedence rules of this answer choice ‘*’ = ‘+’ = ‘-’ * + and - have the same
priority,so we can evaluate the expression from left to right Stepl: Firstly, we
calculate **’: 3 * 9 = 27, so the expression becomes 27 + 4 - 9. Step2: Then we
calculate ‘+°: 27 + 4 = 31, so the expression becomes 31 - 9. Step3: Finally, 31 - 9

= 22, so this answer choice evaluates to 22.

Similarly, we evaluate the expressions in B, C, and D in the same way as we
evaluate the expression in A.

<

For B: using the precedence rule of choice B: ‘+’ = *-> > ‘¥’ the expression 3 *9 +
4 - 9 evaluates to 12

For C: using the precedence rule of choice C: *-> > ‘+’ > ‘*’, the expression 3 * 9
+ 4 - 9 evaluates to 12

For D: using the precedence rule of choice D: ‘+’ > ‘¥’ > ‘-’ the expression 3 * 9
+ 4 - 9 evaluates to 30

Given above, only with choice A, the expression evaluates to 22, so the correct

answer should be [A]

For the expression 8 - 4 * 4 + 9, the precedence of the operators is redefined.
If8-4*4 + 9 =252, what is the redefined precedence of the operators? Please
choose the correct answer from A, B, C, and D, and put the final answer choice in

brackets, for example, [B].

A. (+r: 0= ok
B. L (*)> (+)
C. (+J> R — 0
D ‘_’:¢+!: sk

¢ 1sc-Full is a thorough version of the second type: it adds the instruction for evaluating the
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included here:

[Example Question]:

For the expression 3 * 9 + 4 - 9, the precedence of the operators is redefined. If 3 *
9 + 4 -9 =22, what is the redefined precedence of the operators? Please choose
the correct answer from A, B, C, and D, and put the final answer choice in brackets,
for example, [B].

A R =y =

B. 4+’ =" >

C. >+ >

D. (+)> ‘*r> 0

[Answer]:

Using the precedence rule in the correct answer choice, the expression 3 *9 + 4 -9
should evaluate to 22. We test four options one by one.

For A: The value of 3 * 9 + 4 - 9 can be calculated as follows: Based on the

¢

precedence rules of this answer choice ‘*’ = ‘+

’

= 2’ % + and - have the same
priority,so we can evaluate the expression from left to right Stepl: Firstly, we
calculate “*’: 3 * 9 = 27, so the expression becomes 27 + 4 - 9. Step2: Then we
calculate ‘+’°: 27 + 4 = 31, so the expression becomes 31 - 9. Step3: Finally, 31 - 9

= 22, so this answer choice evaluates to 22.

For B: The value of 3 * 9 + 4 - 9 can be calculated as follows: Based on the
precedence rules of this answer choice ‘+’ = -” > “*’, ‘+” and ‘-’ have the same
priority, which is higher than that of ‘*’ Stepl: Since ‘+’ and ‘-’ have the same
priority over *, we evaluate ‘+’ and ‘-’ from left to right. In this case, ‘+’ comes
before ‘-’, so we calculate ‘+’ first: 9 + 4 = 13, so the expression becomes 3 * 13 -
9. Step2: ‘- has priority over ‘*’. Now we calculate ‘-’: 13 - 9 = 4, so the expres-

sion becomes 3 *4. Step3: Finally, 3 *4 = 12, so this answer choice evaluates to 12.
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For C: The value of 3 * 9 + 4 - 9 can be calculated as follows: Based on the
precedence rules of this answer choice -=” > ‘+’ > ‘¥’ ‘[0]” has the highest priority,
followed by “+°. “*’ has the lowest priority. Stepl: Since ‘-’ has the highest priority,
we calculate ‘-’ first: 4 - 9 = -5, so the expression becomes 3 * 9 + -5. Step2:
Since ‘+’ has priority over ‘*’, we then calculate ‘+’: 9 + -5 = 4, so the expres-

sion becomes 3 *4. Step3: Finally, 3 *4 = 12, so this answer choice evaluates to 12.

For D: The value of 3 * 9 + 4 - 9 can be calculated as follows: Based on the
precedence rules of this answer choice ‘+’ > “*’ > ‘-’ ‘[0]” has the highest priority,
followed by ‘*’. ‘-" has the lowest priority. Stepl: Since ‘+’ has the highest priority,
we calculate ‘+’ first: 9 + 4 = 13, so the expression becomes 3 * 13 - 9. Step2:
Since ‘*’ has priority over ‘-, we then calculate ‘*’: 3 * 13 = 39, so the expression

becomes 39 - 9. Step3: Finally, 39 - 9 = 30, so this answer choice evaluates to 30.

Given above, only with choice A, the expression evaluates to 22, so the correct

answer should be [A]

For the expression 8 - 4 * 4 + 9, the precedence of the operators is redefined.
If8-4*4 + 9 =252, what is the redefined precedence of the operators? Please
choose the correct answer from A, B, C, and D, and put the final answer choice in

brackets, for example, [B].

A. (+r: 0= ok
B. L (*)> (+)
C. (+J> R — 0
D ‘_’:¢+!: 3

The CoT instructions provided for each answer choices in 1sc-Partial and 1sc-Full have the same

format and content as the CoT instructions used for Task 1. We add the CoT instructions hoping to



28

address the same mistakes made by LLMs when evaluating each answer choice.

6.3 Task3

Like Task 1, we use four types of prompts: 0-shot, 0-shot-CoT, 1-shot and 1-shot-CoT.

* 0-shot simply uses the prompt as it is without providing any instructions. An example is

included here:

The following are the linguistic rules of Language-A.

In Language-A, the canonical word order of sentences follow a Subject-Object-
Verb structure.

Example: ‘The cat eats the mouse’ should be ordered as ‘The cat the mouse
eats’.

Prepositional phrases that modify a verb remain positioned after the verb.

Similarly,adverbs that modify a verb still maintain their position after the verb.

Prepositional phrases that modify a noun remain positioned after the noun.

In Language-A, the morphological rule for nouns involves indicating a singular
noun by adding ‘S_’ as a prefix to its lemma, and indicating a plural noun by adding
‘P_’ as a prefix to its lemma.

Example: ‘These cats in the park’ is expressed as ‘These P_cat in the park’ to
represent plural and ‘A cat in the park’ is expressed as ‘A S_cat in the park’ to
represent singular.

For anything not explicitly specified, Language-A follows the same word order
as English.

Here are the translated pairs of English lemmas into lemmas in Language-A:
(the, tgt_the), (across, tgt_across), (field, tgt_field), (a, tgt_a), (farmer, tgt_farmer),
(carefully, tgt_carefully), (bright, tgt_bright), (., .), (smile, tgt_smile), (basket,
tgt_basket), (carry, tgt_carry), (heavy, tgt_heavy), (with, tgt_with) .

Translate the following simple sentence into Language-A: “The farmer with a

bright smile carries the heavy basket carefully across the field .”.
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Please put the final translated result in brackets [] at the end of your response,

for example, [tgt_the tgt_cat tgt_the tgt_dog tgt_chases].

* 0-shot-CoT only adds ‘Let’s do this step by step’ to the end of the prompt. An example of this

type of prompt is included here:

The following are the linguistic rules of Language-A.

In Language-A, the canonical word order of sentences follow a Subject-Object-
Verb structure.

Example: ‘The cat eats the mouse’ should be ordered as ‘The cat the mouse
eats’.

Prepositional phrases that modify a verb remain positioned after the verb.

Similarly,adverbs that modify a verb still maintain their position after the verb.

Prepositional phrases that modify a noun remain positioned after the noun.

In Language-A, the morphological rule for nouns involves indicating a singular
noun by adding ‘S_’ as a prefix to its lemma, and indicating a plural noun by adding
‘P_’ as a prefix to its lemma.

Example: ‘These cats in the park’ is expressed as ‘These P_cat in the park’ to
represent plural and ‘A cat in the park’ is expressed as ‘A S_cat in the park’ to
represent singular.

For anything not explicitly specified, Language-A follows the same word order
as English.

Here are the translated pairs of English lemmas into lemmas in Language-A:
(the, tgt_the), (across, tgt_across), (field, tgt_field), (a, tgt_a), (farmer, tgt_farmer),
(carefully, tgt_carefully), (bright, tgt_bright), (., .), (smile, tgt_smile), (basket,
tgt_basket), (carry, tgt_carry), (heavy, tgt_heavy), (with, tgt_with) .

Translate the following simple sentence into Language-A: “The farmer with a
bright smile carries the heavy basket carefully across the field .”.

Please put the final translated result in brackets [] at the end of your response,

for example, [tgt_the tgt_cat tgt_the tgt_dog tgt_chases].
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Please think step by step.

* 1-shot provides LLMs with a demonstration example of translation but no information is given
on how to translate the English sentence to Language-A. An example of the full 1-shot prompt

is included here:

The following are the linguistic rules of Language-A.

In Language-A, the canonical word order of sentences follow a Subject-Object-
Verb structure.

Example: ‘The cat eats the mouse’ should be ordered as ‘The cat the mouse
eats’.

Prepositional phrases that modify a verb remain positioned after the verb.

Similarly,adverbs that modify a verb still maintain their position after the verb.

Prepositional phrases that modify a noun remain positioned after the noun.

In Language-A, the morphological rule for nouns involves indicating a singular
noun by adding ‘S_’ as a prefix to its lemma, and indicating a plural noun by adding
‘P_’ as a prefix to its lemma.

Example: ‘These cats in the park’ is expressed as ‘These P_cat in the park’ to
represent plural and ‘A cat in the park’ is expressed as ‘A S_cat in the park’ to
represent singular.. Prepositional phrases that modify a verb remain positioned
after the verb.

Adverbs that modify a verb remain positioned after the verb.

For anything not explicitly specified, Language-A follows the same word order
as English.

Here’s an example that demonstrates how to translate an English sentence into
Language-A.

Example sentence: The black cat with a small tail eats the food quietly in the
room .

Below, you’'ll find the translated pairs of English lemmas into lemmas in

Language-A for the example sentence: [(’the’, ‘tgt_the’), (’black’, ‘tgt_black’),
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(’cat’, ‘tgt_cat’), ("with’, ‘tgt_with’), ("a’, ‘tgt_a’), ('small’, ‘tgt_small’), (’tail’,
‘tgt_tail’), (Ceats’, ‘tgt_eats’), (‘food’, ‘tgt_food’), ("quietly’, ‘tgt_quietly’), (’in’,
‘tgt_in’), (‘room’, ‘tgt_room’), (°., ‘)] Translated example sentence: tgt_the
tgt_black S_tgt_cat tgt_with tgt_a tgt_small S_tgt_tail tgt_the S_tgt_food tgt_eats
tgt_quietly tgt_in tgt_the S_tgt_room .

Here are the translated pairs of English lemmas into lemmas in Language-A:
(the, tgt_the), (across, tgt_across), (field, tgt_field), (a, tgt_a), (farmer, tgt_farmer),
(carefully, tgt_carefully), (bright, tgt_bright), (., .), (smile, tgt_smile), (basket,
tgt_basket), (carry, tgt_carry), (heavy, tgt_heavy), (with, tgt_with) .

Translate the following simple sentence into Language-A: “The farmer with a
bright smile carries the heavy basket carefully across the field .”.

Please put the final translated result in brackets [] at the end of your response,

for example, [tgt_the tgt_cat tgt_the tgt_dog tgt_chases].

* 1-shot-CoT, by contrast, not only transforms sentences but also explicates the reasoning behind
each step of the translation, offering a narrative that explains the application of Language-A’s

rules. An example of the full 1-shot-CoT prompt is included here:

The following are the linguistic rules of Language-A.

In Language-A, the canonical word order of sentences follow a Subject-Object-
Verb structure.

Example: ‘The cat eats the mouse’ should be ordered as ‘The cat the mouse
eats’.

Prepositional phrases that modify a verb remain positioned after the verb.

Similarly,adverbs that modify a verb still maintain their position after the verb.

Prepositional phrases that modify a noun remain positioned after the noun.

In Language-A, the morphological rule for nouns involves indicating a singular
noun by adding ‘S_’ as a prefix to its lemma, and indicating a plural noun by adding
‘P_’ as a prefix to its lemma.

Example: ‘These cats in the park’ is expressed as ‘These P_cat in the park’ to
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represent plural and ‘A cat in the park’ is expressed as ‘A S_cat in the park’ to
represent singular.. Prepositional phrases that modify a verb remain positioned
after the verb.

Adverbs that modify a verb remain positioned after the verb.

For anything not explicitly specified, Language-A follows the same word order
as English.

Here’s an example that demonstrates how to translate an English sentence into
Language-A step by step.

Example sentence: The black cat with a small tail eats the food quietly in the
room .

Below, you’ll find the translated pairs of English lemmas into lemmas in
Language-A for the example sentence: [(’the’, ‘tgt_the’), (‘black’, ‘tgt_black’),
(Ccat’, ‘tgt_cat’), ("with’, ‘tgt_with’), ("a’, ‘tgt_a’), ('small’, ‘tgt_small’), (’tail’,
‘tgt_tail’), (‘eats’, ‘tgt_eats’), ('food’, ‘tgt_food’), (’quietly’, ‘tgt_quietly’), (’in’,
‘tgt_in’), ("room’, ‘tgt_room’), (°.", V)]

To change the word order of the sentence to Subject-Object-Verb, we first identify
the root verb, which is ‘eats’.

Next, we find the subject of the sentence, ‘cat’, and its related tokens: ['The’,
‘black’, ‘with’, ‘a’, ‘small’, ‘tail’]. Then, we locate the object of the sentence, ‘food’,
and its related tokens: [’the’].

We then move the object and its related tokens behind the subject and its related
tokens.

Now, the sentence is in Subject-Object-Verb word order as applied in Language-
A: ‘The black cat with a small tail the food eats quietly in the room . .

We translate the English sentence into Language-A using the lemma pairs
between English and Language-A:

tgt_the tgt_black tgt_cat tgt_with tgt_a tgt_small tgt_tail tgt_the tgt_food tgt_eat
tgt_quietly tgt_in tgt_the tgt_room . To apply the morphological rule for nouns,
add ‘S_’ as a prefix for singular nouns and ‘P_’ as a prefix for plural nouns in their

lemmas:
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First identify singular nouns: tgt_cat, tgt_tail, tgt_food, tgt_room.

Then add ‘S_’ as a prefix to each singular noun: S_tgt_cat, S_tgt_tail, S_tgt_food,
S_tgt_room

There is no plural noun in the sentence.

Now, the sentence follows the singular and plural noun rule in Language-A:
‘tgt_the tgt_black S_tgt_cat tgt_with tgt_a tgt_small S_tgt_tail tgt_the S_tgt_food
t1gt_eat tgt_quietly tgt_in tgt_the S_tgt_room ..

Lastly, we have the translated example sentence: tgt_the tgt_black S_tgt_cat
tgt_with tgt_a tgt_small S_tgt _tail tgt_the S_tgt_food tgt_eats tgt_quietly tgt_in
tgt_the S_tgt _room .

Here are the word pairs between English and the Language-A:Here are the
translated pairs of English lemmas into lemmas in Language-A: (the, tgt_the),
(across, tgt_across), (field, tgt_field), (a, tgt_a), (farmer, tgt_farmer), (carefully,
tgt_carefully), (bright, tgt_bright), (., .), (smile, tgt_smile), (basket, tgt_basket),
(carry, tgt_carry), (heavy, tgt_heavy), (with, tgt_with) .

Translate the following simple sentence into Language-A: “The farmer with a
bright smile carries the heavy basket carefully across the field .”.

Please put the final translated result in brackets [] at the end of your response,

for example, [tgt_the tgt_cat tgt_the tgt_dog tgt_chases].

To explain how the CoT instructions in 1-shot-CoT is designed to target system mistakes,
consider the sentence ‘The cat chases the mouse.” In the CoT process, this sentence is first analyzed
token-by-token. The script then applies Language-A’s SOV structure and reorder the sentence as
“The cat the mouse chases.” At the same time, the CoT process provides a running commentary,
explaining that the object is moved after the subject and before the verb due to the SOV rule, and the
verb ‘chases’ is marked as the root verb. These steps are created to correct the mistakes made by
LLMs where LLMs could not successfully apply the rule to the relevant elements in the sentence.
Then each words in the English sentence is mapped to the words in Language-A. This step instructs
LLMs to perform the correct order of mapping as they sometimes switch the positions of some words

when they perform word by word mapping. If Language-A has morphological rules such as marking
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singular and plural nouns or specific tense indicators for verbs, these are applied next. For instance,
if ‘cat’ is singular, it might be transformed to ‘S_cat,” and if the verb ‘chase’ is in the present tense,
it could become chase_+. The final step here teaches LLMs to apply morphological rules to the

relevant words in the sentence.

6.4 Task4

In Task 4, we ask LLMs to infer about the rules in Language-A by providing them with translation
sentence pairs and word pairs. In this task, we only experiment with the 0-shot setting. An example

of the prompt in Task 4 asking about the canonical order is included here:

"The farmer with a bright smile carries the heavy basket carefully across the field’ in
English is translated to ‘tgt_the tgt_farmer tgt_with tgt_a tgt_bright tgt_smile tgt_the
tgt_heavy tgt_basket tgt_carries tgt_carefully tgt_across tgt_the tgt_field’ in Language
A.

"The skilled chef in the bustling kitchen prepares the delicious meal quickly on the
stove’ in English is translated to ‘tgt_the tgt_skilled tgt_chef tgt_in tgt_the tgt_bustling
tgt_kitchen tgt_the tgt_delicious tgt_meal tgt_prepares tgt_quickly tgt_on tgt_the tgt_stove’
in Language A.

In the first sentence, the noun ‘farmer’ is modified by the prepositional phrase ‘with
a bright smile’. The verb ‘carries’ is modified by the prepositional phrase ‘across the
field’. In the second sentence, the noun ‘chef’ is modified by the prepositional phrase ‘in
the bustling kitchen’. The verb ‘prepares’ is modified by the prepositional phrase ‘on
the stove’.

Here are the word pairs between English and the language A: (a, tgt_a), (across,
tgt_across), (basket, tgt_basket), (bright, tgt_bright), (bustling, tgt_bustling), (carefully,
tgt_carefully), (carries, tgt_carries), (chef, tgt_chef), (delicious, tgt_delicious), (farmer,
tgt_farmer), (field, tgt_field), (heavy, tgt_heavy), (in, tgt_in), (kitchen, tgt_kitchen),
(meal, tgt_meal), (on, tgt_on), (prepares, tgt_prepares), (quickly, tgt_quickly), (skilled,
tgt_skilled), (smile, tgt_smile), (stove, tgt_stove), (the, tgt_the), (with, tgt_with).

What can we observe about the canonical order of language A? Your answer should
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be based solely on the canonical word order in the given sentence pairs. Do not infer
the canonical word order based on word order of other components in the sentences
such as the order between nouns and their modifiers; for instance, do not use universal
implicatures for inference. You can assume that each pair of sentences has the same
syntactic structures, with the exception that word order may vary between children of a
node in the syntactic structures. This means there are no translation divergences that
alter the syntactic structure. Given this context, please determine the correct syntactic
characteristic of Language A:

A. Language A follows SVO word order

B. Language A follows SOV word order

C. Language A follows VSO word order

D. Language A follows either SVO or SOV word order

To respond, please provide your reasoning and indicate your final answer in brackets

at the end of your response, for example [A].

6.5 Task5

In Task 5, we modify the basic deduction test set into multiple choice format as our baseline, and
then further modify the eight statements or the answer choice to create other subsets of data. For this
task, we only experiment with the 0-shot prompt. An example of the prompt modified with negation

in Task 5 is presented here:

(1) Wolves are afraid of mice.
(2) Sheep are afraid of mice.
(3) Winona is a sheep.

(4) Mice are afraid of cats.
(5) Cats are afraid of wolves.
(6) Jessica is a mouse.

(7) Emily is not a cat.

(8) Gertrude is a wolf.

Based on the above sentences, what is Emily afraid of?



36

(a) cat

(b) mouse
(c) wolf
(d) sheep

(e) not enough information is provided to answer the question

6.6 Taske6

In Task 6, we test LLMs’ ability to discern semantic nuances of four types of predicates. Again, for

Task 6, the only experiment we have done is for O-shot prompt. An example of the prompt asking

about transitive and symmetrical predicate is included here:

Given the three statements here:
(1) X1 xzpQY X2
(2) X4 xzpQY X1
(3) X2 xzpQY X3

If ‘X xzpQY Y’ means ‘X and Y have the same speed’, what does X1 xzpQY?
(a) Only X2

(b) Only X3

(c) Only X4

(d) X2 and X3

(e) X2 and X4

(f) X3 and X4

(g) X2, X3, and X4

For comparison purposes, we have also created for each of the four predicate types a different set,

where we use English words as predicate but random strings to replace entities in the sentence. An

example of the prompt asking about transitive and symmetrical predicate for the comparison dataset

is included here:

Given the three statements here:

(1) jml and jm2 have the same speed.



(2) jm2 and jm3 have the same speed.
(3) jm4 and jml have the same speed.

What and jml have the same speed?
(a) Only jm2

(b) Only jm3

(c) Only jm4

(d) jm2 and jm3

(e) jm2 and jm4

(f) jm3 and jm4

(g) jm2, jm3, and jm4

37
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Chapter 7
EXPERIMENTS

We run the experiments on GPT4-Turbo!, LLaMA-2-chat-70B (LLaMA) (Touvron et al., 2023)
and Flan-T5-XXL (T5) (Raffel et al., 2020). Notably, the performance of T5 demonstrates significant
deficiencies. Its output is often incomplete or erroneous, so we choose not to report TS results.
LLaMA exhibits lower performance compared to GPT4 in almost all tasks and a full performance
comparison of the two models is detailed at the end of this chapter. In this study, we have opted to
mainly report and dicuss the experiments conducted with GPT-42, given its superior performance
compared to other models. Similarly, our error analysis also centers on the output generated by
GPT-4.

In all the tables in this section that report system performance, each cell reports accuracy on 200
test instances except for Task 5, which uses 250 test instances as in the original bAbI dataset.

For Task 1-3, we also run the experiment on prompts with different levels of CoT as detailed in

Section 6 and report the model performance here.

7.1 Task 1: Arithmetic Expression Calculation

For Task 1, we run the experiment for zero move, one move, and two moves settings (as defined in
Sect 2.1); each operand has one to five digits. The result is in Table 7.1, which shows that the system
performance decreases as the number of digits in the operands increases, consistent with previous
findings (Brown et al., 2020; Touvron et al., 2023). The system performance also deteriorates
significantly when the precedence is different from the standard one (e.g., the accuracy of two digits
calculation for two moves dropped drastically from 95.0% to 39.5%) under the 0-shot setting.
After detailed examination of errors for two moves expressions with two digit operands, we

modified the prompt with 1-shot CoT, which greatly improved model performance across all the

'We use their API at https://platform.openai.com

’To make our experiments reproducible, we select the token with the highest probability when GPT4 generates text
token by token.
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experiments (see Row 2, 4, 6).

The system outputs for one example of four types of prompts are in Appendix A.

7.2 Task 2: Choosing Precedence of Operators

In Task 1, we observed GPT4’s subpar performance with redefined two-move precedence under
0-shot setting. For Task 2, we report GPT4’s performance on two-move expressions with four types
of prompts in Table 7.2. The correct answer is uniformly distributed among the four choices, so the
accuracy of a random guess would be 25%. Notably, the ‘0-shot’ accuracy is worse than random
guess. This is primarily caused by GPT4’s low performance on Task 1 and its tendency of not picking
any given choice and hence producing an invalid answer. The combination of low accuracy and
a high invalid percentage is expected because Task 1 has shown GPT4’s inability to consistently
evaluate expressions with novel precedence rules.

Similar to Task 1, 1-shot-CoT in Task 2 also leads to better performance. Nevertheless, GPT4’s
performance is still low and it still produces invalid answers more than half of the time. This result is
again unsurprising: although 1-shot-CoT in Task 1 greatly improves accuracy, in Task 2, the models
need to evaluate the expression correctly four consecutive times to reliably choose the correct answer.
A wrong evaluation in any of the four choices could potentially lead to incorrect or invalid answer.

The system outputs for one example in Task 2 are in Appendix B.

7.3 Task 3: Machine Translation

In Task 3, LLMs are asked to translate some English sentences into Language-A. For evaluation, we
use four metrics: exact match (EM), BLEU (Papineni et al., 2002), METEOR (Banerjee and Lavie,
2005), and Morph F1-score. EM is the strictest, requiring the system output to be exactly the same
as the gold standard; BLEU and METEOR are more lenient, as wrong word order will only affect
some word ngrams. Morph F1 evaluates LLMs’ ability to apply morphological rules by calculating
precision and recall on words requiring morphological changes. METEOR is expanded to include
aligned chunk numbers (C) and unaligned word count (UA) to assess word order and morphological
accuracy.

Table 7.3 shows the performance of GPT4 with 0-shot prompts when different numbers of
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ID Move AP 1D 2D 3D 4D 5D
(a) number of operators = 2
1 0-s 100 97.0 80.0 50.5 43.5
2 no 0-s-c 99.5 98.5 71.0 51.0 41.5
3 move 1-s 100 99.0 82.5 52.5 46.5
4 1-s-c 100 100 82.0 53.5 47.5
5 0-s 94.5 91.5 80.0 57.0 45.5
6 one 0-s-c 97.0 96.0 82.0 53.0 44.5
7 move 1-s 89.5 93.5 74.0 55.0 43.5
8 1-s-c 100 100 88.5 65.5 57.0

(b) number of operators = 3

9 0-s 99.0 95.0 67.5 31.5 20.0
10 no 0-s-c 99.5 95.5 66.5 26.5 19.0
11 move I-s 99.5 97.5 69.0 27.5 18.5
12 I-s-c 100 98.5 69.0 28.0 20.5
13 0-s 75.0 58.5 40.5 17.5 14.5
14 one 0-s-c 74.5 57.0 325 11.5 11.0
15 move 1-s 67.0 58.5 36.0 17.5 12.0
16 1-s-c 94.5 97.5 73.0 35.5 325
17 0-s 54.0 39.5 325 15.5 13.5
18 two 0-s-c 46.0 42.0 24.0 10.0 7.0
19 moves I-s 41.0 36.0 25.5 13.5 11.5
20 1-s-c 92.0 94.0 79.5 48.5 46.0

Table 7.1: The accuracy of GPT4-Turbo on Task 1. “AP” denotes the approach, where “s” and “c”
denote “shot” and “CoT”, respectively (e.g., “1-s-¢” means 1-shot-CoT). Col 1D-5D refers to the
numbers of digits in operands, ranging from 1 to 5. Arithmetic expressions used in each column
within (a) and (b) are the same, but the priorities of the operators in the expressions are different
between no move, one move, and two moves. The system performance decreased with the increase
of digits. In some cases, no move expressions have a lower accuracy than one-move or two-move
expressions of 1-s-c prompt. This might be caused by the fact that when digit is larger than 3, the
system makes many calculation mistakes, but 1-s-c is not designed at correct calculation mistakes.
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1D 2D 3D
0-shot 25.0/52.0 21.5/61.0 19.0/62.0
Isc-Simple 21.0/31.0 23.0/40.5 16.0/39.0
1sc-Partial 30.5/61.5 30.5/62.0 22.5/64.0
1sc-Full 41.5/53.0 43.5/53.0 30.5/64.5

Table 7.2: Performance of GPT4 on Task 2 under two-move configuration. Each cell has the format x
/'y, where x is the system accuracy and y is the percentage of invalid answers (i.e., GPT4 does not
pick any choice).

Language-A rules are included in the prompts. When no rules applies (Expt 1), GPT4’s output
matches the gold standard perfectly, indicating that it understands the task and is able to translate an
English word to its counterpart. The introduction of linguistic rules led to a decline in performance,
notably more severe for strict metrics like EM, which plummeted from 100% in the no-rule scenario
(S=0 M=0) to 1% when three syntactic and three morphological rules are used to define Language-A.
As the number of rules increases, the system performance decreases across all metrics. The decrease
is smaller for lenient measures such as BLEU and METEOR Score, but much more dramatic for
strict measures such as EM and aligned chunk number C. This comparative result suggests the model

is able to apply some rules, not all, in the translation.

Table 7.4 compare the four prompts when the number of syntactic or morphological rules is
three. When comparing the impact of syntactic (S=3 M=0) vs. morphological (S=0 M=3) rules, the
system’s performance dipped more sharply with morphological complexities, For instance, in the
scenario with three morphological rules (c), the 1-shot-CoT prompt saw EM decrease to 49%, and
METEOR scores adjust to 95.6%, highlighting that whether the prompt includes CoT or not, handling
morphological rules is more challenging for GPT4. Finally, 1-shot-CoT provides a considerable

boost as it is the case in Task 1-2.

The system outputs for one example in Task 3 are in Appendix C.
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METEOR
ID S M EM BLEU F1
Score C UA

1 0 0 100 100 100 1.00 0.0 -
2 0 1 69.0 98.5 96.3 1.51 0.54 85.9
3 0 2 46.0 97.8 94.0 1.94 0.87 88.3
4 0 3 30.0 95.5 89.5 2.56 1.59 87.9
5 1 0 67.5 97.6 95.7 2.10 0.29 -
6 1 1 25.5 94.8 88.0 2.57 1.46 60.0
7 1 2 10.0 90.6 76.8 3.75 3.11 87.8
8 1 3 4.5 89.1 71.6 4.12 4.22 61.5
9 2 0 61.5 95.4 91.3 221 0.93 -
10 2 1 18.0 93.7 84.9 3.59 1.73 59.7
11 2 2 8.0 91.3 77.4 4.27 3.03 60.6
12 2 3 0.5 89.0 69.5 5.00 4.46 58.3
13 3 0 66.0 97.0 94.1 2.08 0.6 -
14 3 1 11.0 93.8 854 3.51 1.69 61.5
15 3 2 4.5 91.6 77.3 4.65 291 64.2
16 3 3 1.0 88.8 68.0 5.58 4.45 59.3

Table 7.3: The performance of GPT4 on Task 3 with O-shot prompts. ‘S’ and ‘M’ represent the
number of syntactic and morphological rules included in the prompts. ‘EM’ is exact match, ‘F1’ is
Morph F1, and for METEOR, we report the METEOR score, the number of aligned chunks C and
the number of unaligned target words UA.



METEOR
EM BLEU F1
Score C UA
(a) S=0 M=0
0-s 100 100 100 1.00 0.0 -
(b) S=3 M=0
0-s 66.0 97.0 94.1 2.08 0.6 -
0-s-c 60.0 99.9 98.3 2.81 0 -
1-s 77.0 99.9 99.3 1.90 0.01 -
1-s-c 93.0 99.8 99.8 1.27 0.01 -
(c) S=0 M=3
0-s 30.0 95.5 89.5 2.56 1.59 87.9
0-s-c 27.0 96.3 90.1 2.33 1.62 86.8
1-s 54.0 98.4 96.9 1.46 0.57 94.3
1-s-c 49.0 98.6 95.6 1.51 0.64 93.1
(d) S=3 M=3
0-s 1.0 88.8 68.0 5.58 4.45 59.3
0-s-c 1.5 90.8 75.6 5.44 3.86 62.4
1-s 19.5 98.0 92.3 3.45 1.06 90.3
1-s-c 33.5 97.3 934 2.10 1.11 88.9

Table 7.4: The performance of GPT4 on Task 3 with four types of prompts
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7.4 Task 4: Inferring Word Order

Following observations from Task 3 that GPT4 performed relatively well with syntactic rules than
morphological rules, we aimed to further assess its capability to identify syntactic rules in Language-
A when given two sentence translation pairs between English and Language-A. Recall there are four
scenarios detailed in Section 5.3 based on the word order in the two Language-A sentences: 1-order,
1-order-noise, 2-order, and 2-order-noise.

For the latter two scenarios, the results show that the order of the two sentence pairs matters
much. For instance, for the canonical order rule, in our original experiments, the first sentence is in
SOV, and the second is in SVO. If we switch the order of the sentence pairs, GPT4’s performance
increases. The improvement is more significant if the test question is about PV or PN rules, as shown
in Table 7.5. The table shows that GPT4 achieves high accuracy in the 1-order setting and can handle
noise well in the 1-order-noise setting. Under 2-order scenario, instead of choosing the correct option
that says both orders are possible, GPT4 often chooses the option of one order only, leading to much

worse performance. We will look into this problem in detail in the next chapter.

Original Exp. Switch Exp.
SOV PV PN SOV PV PN
1-order 83.0 69.5 97.5 87.0 78.5 97.5
1-order-noise 95.0 66.0 98.0 91.0 64.5 96.0
2-order 2.5 17.5 14.0 7.0 77.5 88.5
2-order-noise 3.0 17.0 14.5 14.0 62.0 75.5

Table 7.5: GPT4’s accuracy on Task 4. See Section 3.4 for the meaning of the row and column
headers.

7.5 Task 5: Basic Deduction

In Task 5, we run experiments on the original bAbl dataset and its modified versions. The accuracy
for task 5 is reported in Table 7.6.

GPT4 achieved an accuracy of 90.8% on the original dataset. When we test GPT4 on 250 new test
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examples whose length of inference chains is three (increased from two in the original dataset), its
performance decreased to 85.6%. Replacing nouns with random names or adding quantifiers actually
increase the accuracy a little bit, which could be surprising as those changes should conceptually
make the task harder. Upon detailed analysis of errors made on the original test, we have found an

explanation, which is discussed in the next chapter.

‘Base Ran Neg Quan Ext

Accuracy ‘ 90.80 95.20 98.80 91.20 85.60

Table 7.6: Accuracy of GPT4 on Task 5. ‘Base’: original dataset from bAbI; ‘Ran’: replace nouns
with random strings; ‘Neg’: add ‘not’ to the predicate; ‘Quan’: add ‘some’ to the subject of the
sentence; ‘ext’: extend the reasoning chain.

7.6 Task 6: Deduction with Different Types of Predicates

NT&NS NT &S T&NS T&S

Random Predicate 99.00 87.00 79.50 52.00
Random Entity 100.00 100.00 96.00 56.50

Table 7.7: Accuracy of GPT4 on Task 6. “T’: transitive predicate; ‘S’: symmetrical predicate.
‘NT’: none-transitive predicate. ‘NS’: none-symmetrical predicate. ‘random predicate’ is when the
predicate is replaced by random strings in the statements; ‘random Entity‘ is when the entities are
replaced by random strings in the statements.

We run two sets of experiments respectively on four types of predicate meaning. The accuracy
for Task 6 is reported in Table 7.7. As shown in ‘random predicate’ category: when predicates do not
carry transitivity or symmetry, GPT4’s performance is exceptional, reaching 99% accuracy. However,
when the predicates carry the semantic meaning of transitivity and symmetry, GPT4 begins to show a
weaker performance. While it handles symmetrical predicate meaning relatively well, achieving 87%
accuracy, it is comparatively weak at discerning the transitivity in semantics. When the predicate

combines both aspects, the accuracy is only 52%.
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Replacing the entities, or the nouns, rather than the predicates in the statements with random
strings consistently show improvements across four types. This suggests that changing key informa-

tion into random strings may weaken model behavior.
7.7 Comparison of GPT4 and LLaMA

In this section, we include the full comparison of the performance between GPT4 and LLaMA over
the six tasks. Again, the results of TS are not reported because the system output is either incomplete
or erroneous. Please also note Task 2 and Task 3 are not included here as the accuracy of LLaMA
on these both tasks is approaching zero. The comparison between GPT4 and LLaMA of Task 1 is
detailed in Table 7.8, of Task 4 is detailed in Table 7.11, of Task 5 is detailed in Table 7.9, and of
Task 6 is detailed in Table 7.10.

No CoT CoT

GPT4 LLaMA | GPT4 LLaMA

No move 95.50 18.00 98.50 46.00
One move 58.50 1.50 97.50 31.00
Two moves | 39.50 2.00 94.00 31.50

Table 7.8: Accuracy comparison between GPT4 and LLaMA on Task 1 for two-digit expresions

Base Ran Neg Quan Ext

GPT4 90.80 9520 98.80 91.20 85.60
LLaMA | 6440 45.60 2520 8.40 59.20

Table 7.9: Accuracy comparison between GPT4 and LLaMA on Task 5; column title adopted from
Table 7.6
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NT&NS NT&S T&NS T&S

GPT4 99.00 87.00 79.50  52.00
LLaMA 2.00 11.00 14.00  31.00

Table 7.10: Accuracy comparison between GPT4 and LLaMA on Task 6; column title adopted from
Table 7.7

GPT-4 LLaMA

Original Exp. Switch Exp. Original Exp. Switch Exp.

SOV PV PN SOV PV PN SOV PV PN SOV PV PN

1 ord 83.0 695 975|870 785 975 99 50 37| 84 649 438
1 ord-noise | 95.0 66.0 98.0| 91.0 645 96.0| 00 63 72| 05 55 103
2 ord 25 175 140 7.0 775 885]78.0 223 263|812 209 205

2ord-noise | 3.0 17.0 145|140 62.0 755 81.1 219 304|792 214 30.8

Table 7.11: Comparative analysis of GPT-4 and LLaMA performance on Task 4 for original and
switch experiments



48

Chapter 8
ERROR ANALYSIS

We have conducted extensive error analysis across all tasks. In this chapter, we synthesize the

findings from the error analysis to answer our four research questions.
8.1 QI1: How effectively can LLMs adapt to new tasks?

Through detailed error analysis of Task 1, 4, and 5, we have discovered that GPT4 is indeed prone
to errors when the prompt contains information in conflict with prior knowledge. In Task 1, for
two-move expression with two-digit operands, without CoT, GPT4 made 73 mistakes out of 200
instances in which it still uses the standard precedence despite given the newly defined precedence.

Likewise, in Task 4, many translations in Language-A in the prompt contain syntactic rules
different from English. Even when GPT4 correctly replicated such translations from the prompt, it
still claims Language-A has the same word order as in English. From Table 8.6, we can observe
that there are 35 cases of this error type out of 200 for the rule ‘prepositional phrase before noun’ in

Language-A.

Factual Counterfactual

Correct 11 8

Incorrect 0 9

Table 8.1: Raw count of correct and incorrect predictions made by GPT4 on the original dataset for
Task 5 when one evidence statement is factual vs. counterfactual.

In Task 5, we have found that the errors on the original dataset are correlated with the counterfac-
tuality condition in the input statements. For instance, the factual statement ‘Mice are afraid of Cats’
is used as the evidence in the reasoning chain 11 times; its counterfactual counterpart ‘Cats are afraid

of mice’ is used 17 times. The accuracy count is shown in Table 8.1. Fisher’s exact test returns a
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P-value of 0.004, implying that counterfactual statements, namely ‘Cats are afraid mice’, often lead
to errors when used as reasoning evidence. This factor can also partially explain why the modified
tests have slightly higher accuracy than the original test. The incorporation of random string, the
negator ‘not’, or the quantifier ‘some’ will negate the consequence of counterfactuality to various
extent, thus improve the accuracy.

Finally, a comparison between Table 7.6 and 7.7 shows LLMs are good at understanding negation
and quantifier, but much worse at discerning the semantic nuances introduced by transitivity and
symmetry, which are concepts that might not have been learned well by LLMs.

To conclude, the examination of errors made by the system across different tasks reveals that
models have a tendency to ignore or miscomprehend information in the prompt that is in conflict

with the prior knowledge they have seen during pre-training.

8.2 (Q2: How robust are LLMs to minor variations of prompts?

Based on our experiments, LLMs are robust in handling some types of noise in the prompt. As
evidenced by Table 7.5 from Task 4, the presence of noise in prompts has a minimal impact on LLMs’
abilities. When targeted rules being asked stay the same, applying other irrelevant rules into the

translation pairs or not does not significantly change the model performance.

SOV SVO VSO SVO&SOV
SOV 0 0 0 0
SVO 0 0 0 0
VSO 0 0 0 0
SVO&SOV | 155 39 0 6

Table 8.2: Confusion Matrix for Task 4’s 2-Order Experiment Focused on SOV Rule. Rows represent
the correct answers, while columns indicate GPT4’s predictions.

However, they are not robust but rather sensitive to the positioning of the key information in
the prompt. For instance, models’ performance increased dramatically when the two sentence pairs

are switched in Task 4. Table 8.2 shows the confusion matrix for the 2-order setting when the test
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SOV SVO VSO SVO&SOV
Sov 0 0 0 0
SVO 0 0 0 0
VSO 0 0 0 0
SVO&SOV 37 135 0 28

Table 8.3: Confusion Matrix for Task 4’s 2-Order Switch Experiment asking about canonical word
order. Rows represent the correct answers, while columns indicate GPT4’s predictions.

question asks about canonical word order and the first language-A sentence is in SOV order. Table
8.3 is the confusion matrix when the order of the two sentence pairs are switched. The contrast

between the two tables show how sensitive GPT4 is to the position of certain input.

SOV SVO SVO&SOV | SubTotal

SOV 1Ist | 155 39 6 200
SVO 1st | 37 135 28 200
Total 192 174 34 400

Table 8.4: Frequency table of SOV Rule Recognition Before and After Sentence Pair Reordering
in Tables 8.2 and 8.3. ‘SOV 1st’ indicates scenarios where the first sentence pair follows the SOV
structure, and conversely for the switched condition. P-value is less than 0.00001.

This observation was validated through a chi-square analysis detailed in Table 8.4, which mea-
sured the impact of sentence pair sequencing on the LLM’s predictive accuracy. The results confirmed
a pronounced correlation, emphasizing the significant role that the sequence of presentation plays in
the LLM’s capacity to correctly identify and apply syntactic rules.

Similarly, the error analysis of Task 5 reveals that errors are correlated with the position of the
reasoning evidence in the given eight statements. Among the eight statements in the prompt, if
the first statement is part of the reasoning chain, GPT4 is more likely to make mistakes. To be

more specific, out of 23 errors, 13 are caused by the model’s failure to notice and understand the
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first statement in the prompt. In the total 250 instances, 93 involve the first statement in the eight
statements in the prompt as reasoning evidence, and the rest 157 do not. The error rate with regard to
the smallest position of the evidence sentence is reported in Table 8.5.

Both analyses show that the different placements of key information in the prompt will affect

model performance.

Incorrect Total Error Rate

1st stmt 13 93 14.0%
Rest stmts 10 157 6.4%

Table 8.5: The count of correct and incorrect instances out of 250 with regard to the position of the
evidence in the prompt

8.3 (Q3: What are the common error types made by LL.Ms in our designed tasks?

We have conducted comprehensive error analysis on Task 1 and Task 4.

In Task 1, Errors for two-move expressions with two digits without CoT can be classified into
following types': (1) false precedence (FP): the model succeeds in translating the newly defined
precedence into words but still uses the traditional standard in the subsequent calculations; (2) false
interpretation (FI): the model fail to translate the newly defined precedence into words or fail to
understand the expression correctly; (3) wrong operands (WO): the model fails to evaluate an operator
with operands next to it; (4) missing step (MS): the model fails to execute one step of calculation due
to ignorance of the operator in the expression; (5) extra step (ES): the model adds one more step of
calculation. The raw count of these error types are detailed in 8.12.

In Task 4, our error analysis, as detailed in Table 8.6, identifies two primary error types made by
LLMs. The first type involves misremembering the translated sentence from the prompts, labeled as
MR errors. Here, LLMs inaccurately replicate the sentence in Language-A, either altering the word

order of the first translated sentence (MR1) or modifying the second translated sentence (MR2). An

'We omit the error types, such as miscalculation, that have count of one.

>We count multiple errors in one instance separately.
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MR1 MR2 FO1 FO2

original | 38 92 35 7
switch 17 2 1 3

Table 8.6: Error Type Distribution for ‘PP Before Noun’ Rule in Task 4: Analyzing 200 Instances.
‘MR’ denotes misremembered translations, with MR1 and MR2 indicating errors in the first and
second sentence pairs, respectively. ‘FO’ signifies incorrect observations, distinguishing between the
first (FO1) and second (FO2) translated sentences.

example of this error is when the original prompt sentence “the dog with a tail” is incorrectly echoed
by the LLM as “with a tail the dog.”

The second type of error, referred to as FO errors, occurs when LLMs correctly copy the translated
sentence but then make incorrect observations about it. These errors are divided into two categories:
faulty observations about the first translated sentence (FO1) or the second translated sentence (FO2).
For example, despite accurately repeating “the dog with a tail” from the prompts, the LLM might

erroneously analyze this structure as prepositional phrase before noun.

8.4 (Q4: What strategies can be employed to enhance LLM performance on our tasks?

Drawing on the previously mentioned error types and the acknowledged effectiveness of CoT, a
promising strategy to boost the performance of LLMs is to craft prompts tailored to guiding models
in avoiding those common errors.

After concluding the error types for Task 1, we design two versions of CoT prompt, whose effect
is shown in Fig 8.1. The first version of CoT (CoT1) prompt that instructs the model to interpret the
new precedence and evaluate in steps, but the positioning of operators in the question expression is
different from that in the demonstration example. CoT1 greatly reduced errors of FI, MS, and ES,
but not FP. We then design CoT?2 to ensure that this positioning is also aligned. The improved CoT
drastically reduces errors caused by FP, and eliminates other error types.

In a similar fashion, we have discovered that the errors are correlated with counterfactuality and
position of the evidence in the eight statements. In the original bAbI dataset, there are six cases
in which the reasoning chain to arrive at the correct answer involves the first statement among the

eight statements in the prompt as the evidence, GPT4 answered five of them wrong. Subsequently,
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Figure 8.1: Raw count with regard to error types across No CoT, CoT1, and CoT2 conditions for
Task 1. The explanation of five types is in Section 8.3

we extract these five instances and add the following sentence to the prompt: “The sentences might
contain information against common sense; if this happens, stick with the sentences here rather
than common sense. Also pay attention to the first sentence.” GPT4 then answered all five of them
correctly.

In conclusion, improving model performance can be achieved through prompt engineering, with
CoT structions being a widely embraced method in this domain. However, designing CoT prompts
solely from a human perspective may not optimize model performance. Despite its enhancement
in performance, the instruction might still overlook system errors. Instead, we advocate for CoT’s
optimal effectiveness when it is crafted based on the outcomes of thorough error analysis, specifically

targeting and addressing prevalent error patterns discovered in the error analysis.
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Chapter 9

DISCUSSION

In this study, we introduced six novel and straightforward tasks aimed at evaluating the perfor-
mance of Large Language Models (LLMs) on unconventional inputs. While our experiments and
error analyses have provided valuable insights into the versatility of LLMs, there remains significant
potential for further experiments on a larger scale. In this chapter, we will address the limitations of

our study and provide suggestions for future researchers on the evaluations of LLMs.

9.1 Limitations

We acknowledge that the tasks we’ve undertaken only cover a small portion of abilities in the field of
LLMs evaluation. Additional tasks are essential to delve into other facets of LLM abilities and to
gauge their capacity for generalization to unseen questions. This exploration is crucial in determining
whether LLMs are adequately prepared for practical applications in dynamic real-world scenarios.
Similarly, although our current study centers on analyzing the output of GPT4, conducting detailed
analyses of system outputs from other LLMs can be beneficial. Through thorough error analyses on
outputs from various models, common error patterns across different LLMs can be uncovered. This
method might hold promise in providing valuable insights into the underlying architectures of LLMs

and can contribute significantly to their ongoing development.

Moreover, despite our comprehensive categorization of errors in some tasks, there remains
ambiguity regarding the underlying reasons for certain errors made by LLMs. For instance, in Task
4, when the model repeats the wrong translation, it is challenging to know whether the error is a
failure in copying or if the model has undergone incorrect syntactic parsing processes. To resolve the
uncertainty in this and other error types, it is necessary to devise prompts tailored to discerning the

root causes of errors.
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9.2 Suggestions on evaluating LLMs

Finally, we humbly offer some advice regarding the evaluation of LL.Ms. Firstly, it is advisable to
avoid bundling together tasks that require disparate skills, as low performance in such cases inspires
limited insights into the specific skills that LLMs lack. Instead, the evaluation of LLMs could
potentially benefit from simpler and more straightforward tasks that consistently demand the same
skills. This approach allows for a focused analysis of those particular skills during error analysis.

Secondly, while it’s beneficial to present LLMs with novel tasks, designers should ensure these
tasks have reasonable real-life applications. For instance, in Task 3 and Task 4 - machine translation
for an artificial language - we simulate the challenge of translating between English and low-resource
languages. Given the scarcity of data in such languages, training a model with a vast dataset capable
of mapping an input English sentence to the target language is unfeasible. Instead, traditional
approaches such as consulting dictionaries and adhering to grammar rules in that language may still
be necessary.

Thirdly, the mindset of error analysis and trouble-shooting should apply to every work in the field.
In an era where LLMs are rapidly shaping our society, it is crucial for individuals in the community
to move beyond simply reporting numerical outcomes and instead focus heavily on investigating
the underlying strength and deficiencies that lead to these numbers. By collectively delving into
the shortcomings of LLLMs, we can together build better LLMs that meet the evolving needs of our

society.
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Chapter 10
CONCLUSION

In this study, we have developed six new tasks and assessed LL.Ms performance on these six
tasks. The contribution of this thesis is the following. Firstly, we have successfully answered the
four research questions raised in the introduction. To summarize: LLMs struggle even with basic
tasks when instructions conflict with prior knowledge. Our study also highlights that LLMs display
robustness to some types of noise but vulnerability to small variations, such as the different orders
of key information and CoT instructions with small difference. Additionally, we have shown that
extensive error analysis can guide the design of optimal CoT aimed at eliminating common errors
and improving model performance. Furthermore, we have not only implemented but also intend
to publicize the scripts used for generating and evaluating datasets for each task. This initiative
enables other researchers to replicate our experiments using the current datasets and conduct an even
broader error analysis, thereby delving deeper into the limitations of LLMs. Moreover, considering
the sensitivity of LLMs to slight variations in prompts and tasks, researchers can leverage these
datasets to create new ones and conduct experiments aimed at exploring the versatility of LLMs.

In our future endeavors, we aim to extend our experiments to encompass a broader range of LLMs,
such as an upcoming iteration of GPT4. As previously discussed, conducting a comparative error
analysis on outputs generated by different LLMs holds the potential to discover common deficiencies
among these models. This comparative approach not only enhances our understanding of LLMs
but also fosters the ongoing refinement and advancement of these systems. Furthermore, our error
analyses have revealed some mistakes made by LLMs could be explained by multiple theories. We
intend to devise additional experiments specifically tailored to pinpoint the underlying reasons behind
such errors. By systematically dissecting and analyzing these discrepancies, we seek to gain deeper

insights into the inner workings of LLMs and thus raise strategies for further improvement.
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Appendix A
GPT4 OUTPUTS ON FOUR TYPES OF PROMPTS IN TASK 1

In this appendix, we show the full answers produced by GPT4 on an example used in Task 1,

where the precedence is ‘+” = “*’ > ‘-’  and the test instance is 2- 7 + 2 * 5.
A.1 0-shot output

Based on the new priorities where ‘+° has the same priority as ‘*’, and both are
higher than ‘-, we would perform the operations in the following order:

1. Perform the multiplication and addition first (since they have the same priority,
we’ll perform them from left to right): 2 -7 + (2 *5)

2. Calculate the multiplication: 2 - 7 + 10

3. Perform the addition: 2 + 10 = 12

4. Finally, perform the subtraction: 12 -7 =5

So, the value of the expression 2 - 7 + 2 * 5 with the given priorities is [5].

A.2 0-shot-CoT output

Based on the new priorities you’ve given, the ‘+’ operator (addition) has the same

¢

priority as the ‘*’ operator (multiplication), and both are higher than the ‘-’ opera-
tor (subtraction). So we need to perform the addition and multiplication before the
subtraction. Here’s the expression with the new priorities:

2-7+2%*5
First, we perform the addition and multiplication since they have the same priority. We

can do them from left to right:

7+2=9
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A3

A4

2*5=10
Now we replace the original numbers with the results of these operations:
2-9%*%10
Next, we perform the multiplication, which has the same priority as addition but comes
next in the sequence:
9*10=90
Now we replace the multiplication with its result:
2-90
Finally, we perform the subtraction:
2-90=-88

So the value of the expression 2 - 7 + 2 * 5 with the new priorities is [-88].

1-shot output

Based on the new priorities where ‘+° has the same priority as ‘*’ and both are
higher than ‘-°, we should perform the addition and multiplication before the subtraction.
So for the expression 2 - 7 + 2 * 5, we first do the addition and multiplication:

7+2*%5=7+(2%5)=7+10=17
Now we perform the subtraction:

2-17=-15
Therefore, the value of the expression2 -7 + 2 *5is [-15].

1-shot-CoT output

Based on the new priorities where ‘+’ and ‘*’ have the same priority and are higher
than ‘-’, we evaluate ‘+’ and ‘*’ before ‘-’. We also evaluate from left to right since ‘+’
and ¥’ have the same priority.

Step 1: Evaluate ‘+’° before ‘*’. So we calculate 7 + 2 first: 7 + 2 = 9, so the

expression becomes 2 - 9 * 5.



Step 2: Now we evaluate ‘*’, which has the same priority as ‘+’, but since there’s no
‘+” left, we just perform the multiplication: 9 * 5 = 45, so the expression becomes 2 - 45.

Step 3: Finally, we perform the subtraction: 2 - 45 = -43.

So the final answer is [-43].
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Appendix B
GPT4 OUTPUTS ON FOUR TYPES OF PROMPTS IN TASK 2

In this section, we show the output of GPT4 with four types of prompts when the test expression
1+9%9/6 has value 13.666, and the four choices are <Choice A>: /’ > ‘+’ = “*’, <Choice B>: “*’
> ‘+7 =, <Choice C>: ‘+’ = ‘“* > /", and <Choice D>: /" > ‘+’ > “*’, where B is the correct

answer, as shown in Table ??.
B.1 0-shot output

To determine the redefined precedence of the operators that results in the expression 1
+ 9 *9/6 equaling 13.666666666666666, we need to evaluate the expression according
to each of the given precedence rules and see which one gives us the correct result. Let’s
evaluate the expression under each of the given precedence rules:

A /> =

According to this rule, division has the highest precedence, followed by addition and
multiplication, which have equal precedence. This means we would perform the division
first, then the multiplication, and finally the addition. However, since ‘+’ and ‘*’ are of
equal precedence, we would normally evaluate them from left to right. But since /’ has
higher precedence, we would do the division first:

1+9%(9/6)

1+9*15

1+135

14.5

This does not give us the correct result.

B.‘® >4+ =7

According to this rule, multiplication has the highest precedence, followed by ad-

dition and division, which have equal precedence. This means we would perform the
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multiplication first, then the addition and division from left to right:

(I +9)*(9/6)

10 *1.5

15

This does not give us the correct result either.

C.+' =%>Y

According to this rule, addition and multiplication have equal precedence and are
higher than division. This means we would perform the addition and multiplication from
left to right before the division:

(I +9)*9/6

10*9/6

90/6

15

This also does not give us the correct result.

D. V> 47> %

According to this rule, division has the highest precedence, followed by addition, and
then multiplication. This means we would perform the division first, then the addition,
and finally the multiplication:

1+(9%(9/6))

1+ (9*15)

1+135

14.5

This also does not give us the correct result. None of the given precedence rules A,
B, C, or D result in the expression equaling 13.666666666666666. However, let’s try to
find the correct precedence that would give us the desired result:

To get 13.666666666666666, we can try to evaluate the expression by performing
the multiplication first, then the division, and finally the addition:

9%9 =281

81/6 =135

1+135=14.5
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B.2

This does not give us the correct result either. Let’s try another order: If we perform
the division first, then the multiplication, and finally the addition:

9/6 =15

1.5*%9=135

1+135=145

This also does not give us the correct result. It seems there might be an error in the
question or the answer choices provided, as none of the precedence rules or alternative

calculations result in the expression equaling 13.666666666666666.

If we strictly follow the standard order of operations (PEMDAS/BODMAS), which is
parentheses, exponents, multiplication and division (from left to right), and addition and
subtraction (from left to right), we would calculate the expression as follows:

1+9*%9/6

1+81/6

1+135

14.5

This also does not match the given result of 13.666666666666666. Therefore, based
on the information provided, it is not possible to determine the redefined precedence of
the operators that would result in the given expression equaling 13.666666666666666.

There may be a mistake in the question or the provided answer choices.

1-shot-CoT-simple output

To find the correct redefined precedence of the operators for the expression I + 9 * 9
/ 6 that evaluates to 13.666666666666666, we need to test each option to see which one
results in the given value.

Step 1: using the precedence rule of choice A: /> ‘+’ = ‘*’, the expression I + 9 *
9/6 evaluates to 1 + 81 /6, whichis 1 + 13.5 = 14.5, not 13.666666666666666.

Step 2: using the precedence rule of choice B: ‘*’ > ‘+’ = */’, the expression 1
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+ 9 *9 /6 evaluates to 1 + (9 *9) /6, whichis 1 + 81/6 =1+ 13.5 = 14.5, not
13.666666666666666.

Step 3: using the precedence rule of choice C: ‘+’ = ‘*’ > */’, the expression 1 + 9 *
976 evaluates to (1 + 9) *(9/6), which is 10 * 1.5 = 15, not 13.666666666666666.

Step 4: using the precedence rule of choice D: */’ > ‘+’ > “*’| the expression 1 +
9 *9/6 evaluates to 1 + (9 *(9/6)), whichis 1 + (9 *1.5) =1+ 13.5 = 14.5, not
13.666666666666666.

None of the given options A, B, C, or D result in the value 13.666666666666666
when applied to the expression 1 + 9 * 9 /6. However, if we consider the original
precedence rules without redefining them, where ‘*’ and °/’ have the same precedence
and are evaluated before ‘+°, the expression evaluates as follows:

1+(9*%9)/6=1+81/6=1+135=14.5

Since none of the options match and the original precedence does not yield the
correct result either, there seems to be an error in the question or the provided
options. If the expression is supposed to evaluate to 13.666666666666660, then the
correct precedence would need to ensure that the division /’ is performed before the

multiplication “*’, which is not reflected in any of the given choices.

1-shot-CoT-partial output

To find the correct precedence that results in the expression I + 9 * 9 /6 evaluating
to 13.666666666666666, we need to test each of the given options:

For A: Using the precedence rule of choice A: /> ‘+’ = ‘¥’ the expression I + 9 *
9/ 6 can be calculated as follows: Stepl: Since ‘/’ has the highest priority, we calculate
/ first: 9/6 = 1.5, so the expression becomes 1 + 9 * 1.5. Step2: Since ‘+’ and ‘*’ have
the same priority, we calculate from left to right: 1 + 9 = 10, so the expression becomes
10 * 1.5. Step3: Finally, 10 * 1.5 = 15.0, so this answer choice evaluates to 15.0.

For B: Using the precedence rule of choice B: ‘¥’ > ‘+’ = */’, the expression 1 + 9 *

9/ 6 can be calculated as follows: Stepl: Since ‘*’ has the highest priority, we calculate
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¥ first: 9 ¥ 9 = 81, so the expression becomes I + 81 /6. Step2: Since ‘+’ and */’
have the same priority, we calculate from left to right: 81 /6 = 13.5, so the expression
becomes 1 + 13.5. Step3: Finally, 1 + 13.5 = 14.5, so this answer choice evaluates to
14.5.

For C: Using the precedence rule of choice C: ‘+’ = “*’ > */’| the expression I + 9 *
9/ 6 can be calculated as follows: Stepl: Since ‘+’ and ‘*’ have the same priority and
are higher than */’, we calculate from left to right: 1 + 9 = 10, so the expression becomes
10 *9/6. Step2: Then we calculate “*’: 10 * 9 = 90, so the expression becomes 90 / 6.
Step3: Finally, 90/ 6 = 15.0, so this answer choice evaluates to 15.0.

For D: Using the precedence rule of choice D: /° > ‘+’ > ‘*’, the expression I + 9 *
9/ 6 can be calculated as follows: Stepl: Since */’ has the highest priority, we calculate
Y/ first: 9/6 = 1.5, so the expression becomes 1 + 9 * 1.5. Step2: Since ‘+’ has the
next highest priority, we calculate ‘+’: 1 + 9 = 10, so the expression becomes 10 * 1.5.
Step3: Finally, 10 * 1.5 = 15.0, so this answer choice evaluates to 15.0.

None of the options A, B, C, or D result in the expression evaluating to
13.666666666666666. However, if we consider the correct result, we can deduce
the correct precedence:

1 +9%9/6 =13.666666666666666

To achieve this, the multiplication must happen first, followed by the division, and
then the addition:

Stepl: 9 *9 =81

Step2: 81/6 = 13.5

Step3: 1 + 13.5 =14.5

This result does not match the given value of 13.666666666666666. It seems there
might be a mistake in the question or the options provided. If we assume the division
should happen before the multiplication, we get:

Stepl: 9/6 =1.5

Step2: 1.5 %9 =13.5

Step3: 1 + 13.5 =14.5

Again, this does not match the given value. However, if we consider the division and
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multiplication to have the same precedence and perform the operations from left to right,
we get:

Stepl: 9 %9 =81

Step2: 81/6 = 13.5

Step3: 1+ 13.5=14.5

This still does not match the given value. It seems there is an error in the question or
the options provided, as none of the precedence rules result in the expression evaluating
to 13.666666666666666. If we were to calculate the expression with standard operator
precedence (multiplication and division before addition), we would get:

9%9=28]

81/6 =135

1+135=145

This suggests that the given value of 13.666666666666666 may be incorrect, or the

question may be missing the correct precedence option.

1-shot-CoT-full output

To find the correct precedence that makes the expression 1 + 9 * 9/ 6 equal to
13.666666666666666, we need to test each of the given options:

For A: The value of 1 + 9 * 9/ 6 can be calculated as follows: Based on the
precedence rules of this answer choice /” > ‘+’ = “*’, */” has the highest priority,

followed by ‘+’ and ‘*’, which have the same priority. Stepl: Since °/’ has the highest

priority, we calculate */’ first: 9/6 = 1.5, so the expression becomes 1 + 9 * 1.5. Step2:

Since ‘+’ and ‘*’ have the same priority, we evaluate the expression from left to right.
1+ 9 =10, so the expression becomes 10 * 1.5. Step3: Finally, 10 * 1.5 = 15, so this
answer choice evaluates to 15.

For B: The value of 1 + 9 * 9/ 6 can be calculated as follows: Based on the
precedence rules of this answer choice ‘“*’ > ‘+’ = */°, ‘“*’ has the highest priority,

followed by ‘+’ and */’, which have the same priority. Stepl: Since ‘*’ has the highest
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priority, we calculate ¥’ first: 9 * 9 = 81, so the expression becomes 1 + 81 /6. Step2:
Since ‘+’ and */’ have the same priority, we evaluate the expression from left to right. 1 +
81 = 82, so the expression becomes 82 /6. Step3: Finally, 82 /6 = 13.6666666666666606,
so this answer choice evaluates to 13.666666666666666.

For C: The value of 1 + 9 * 9/ 6 can be calculated as follows: Based on the
precedence rules of this answer choice ‘+’ = ¥’ > */°, ‘+” and ‘*’ have the same priority,
which is higher than that of */°. Stepl: Since ‘+’ and ‘* have the same priority over
/’, we evaluate ‘+’ and ‘*’ from left to right. In this case, ‘+’ comes before ‘*’, so we
calculate ‘+’ first: 1 + 9 = 10, so the expression becomes 10 * 9 /6. Step2: ‘*’ has
priority over /’. Now we calculate “*’: 10 * 9 = 90, so the expression becomes 90/ 6.
Step3: Finally, 90/ 6 = 15, so this answer choice evaluates to 15.

For D: The value of 1 + 9 * 9 / 6 can be calculated as follows: Based on the
precedence rules of this answer choice /" > ‘“+’ > ‘*’, /" has the highest priority,
followed by ‘+°, and ‘*’ has the lowest priority. Stepl: Since /’ has the highest priority,
we calculate */ first: 9/6 = 1.5, so the expression becomes 1 + 9 * 1.5. Step2: Since
‘+” has priority over ‘*’, we then calculate ‘+’: 1 + 9 = 10, so the expression becomes
10 * 1.5. Step3: Finally, 10 * 1.5 = 15, so this answer choice evaluates to 15.

Given the above, only with choice B, the expression evaluates to

13.6666666666666606, so the correct answer should be [B].
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Appendix C
GPT4 OUTPUTS ON FOUR TYPES OF PROMPTS IN TASK 3

In this appendix, we present the complete responses generated by GPT-4 for an example from

Task 3, demonstrating the application of three syntax rules to an English sentence.

C.1 0-shot output

To translate the sentence “The farmer with a bright smile carries the heavy basket
carefully across the field.” into Language A, we need to follow the linguistic rules
provided.

First, let’s identify the components of the sentence: - Subject: The farmer with a
bright smile - Object: the heavy basket - Verb: carries - Adverb modifying the verb:
carefully - Prepositional phrase modifying the verb: across the field

According to the rules of Language A, the prepositional phrase modifying the verb is
placed before the verb, and if there is an adverb modifying the verb, the sentence follows
the word order of prepositional phrase, adverb, and then the verb.

So, the sentence structure in Language A should be: Subject - Object - Prepositional
phrase - Adverb - Verb.

Now, let’s translate each word using the provided word pairs and rearrange them
according to the rules:

- The farmer = tgt_the tgt_farmer - with a bright smile = tgt_with tgt_a tgt_bright
tgt_smile - carries = tgt_carries - the heavy basket = tgt_the tgt_heavy tgt_basket -
carefully = tgt_carefully - across the field = tgt_across tgt_the tgt_field

Putting it all together in the correct order for Language A:

[tgt_the tgt_farmer tgt_with tgt_a tgt_bright tgt_smile tgt_the tgt_heavy tgt_basket
tgt_across tgt_the tgt_field tgt_carefully tgt_carries].

So the translated sentence in Language A is:
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Cz2

[tgt_the tgt_farmer tgt_with tgt_a tgt_bright tgt_smile tgt_the tgt_heavy tgt_basket

tgt_across tgt_the tgt_field tgt_carefully tgt_carries]. >

0-shot-CoT output

Let’s translate the sentence “The farmer with a bright smile carries the heavy basket
carefully across the field” step by step according to the rules of Language A.

1. Subject-Object-Verb structure: The canonical word order in Language A is
Subject-Object-Verb. In the given sentence, “The farmer” is the subject, “the heavy
basket” is the object, and “carries” is the verb. So, we will keep this order in mind for
the final structure.

2. Prepositional phrase modifying a verb: The prepositional phrase “across the field”
modifies the verb “carries”. According to the rules, this phrase should be placed before
the verb.

3. Adverb modifying a verb: The adverb “carefully” modifies the verb “carries”.
The rule states that if there is a prepositional phrase modifying the verb, the sentence
follows the word order of prepositional phrase, adverb, and then the verb. So “carefully”
will come after “across the field” and before “carries”.

4. Prepositional phrase modifying a noun: The prepositional phrase “with a bright
smile” modifies the noun “farmer”. According to the rules, this phrase should be placed
before the noun. If there are determiners or adjectives modifying the noun, the sentence
follows the word order of prepositional phrases, determiners, adjectives, and then the
noun. Since “the” is a determiner and there are no adjectives modifying “farmer”, the
order will be “with a bright smile the farmer”.

Now, let’s put it all together following the rules and translate it into Language A
using the provided word pairs:

“The farmer with a bright smile” -> “with a bright smile the farmer” -> “tgt_with

o«

tgt_a tgt_bright tgt_smile tgt_the tgt_farmer” “carries the heavy basket” -> “the heavy

pINes

basket carries” -> “tgt_the tgt_heavy tgt_basket tgt_carries” “carefully across the field”

-> “across the field carefully” ->“tgt_across tgt_the tgt_field tgt_carefully”



C3

Combining these segments while maintaining the Subject-Object-Verb order and
placing the prepositional phrase and adverb before the verb, we get:

“tgt_with tgt_a tgt_bright tgt_smile tgt_the tgt_farmer tgt_the tgt_heavy tgt_basket
tgt_across tgt_the tgt_field tgt_carefully tgt_carries.”

Therefore, the translated sentence in Language A is:

[tgt_with tgt_a tgt_bright tgt_smile tgt_the tgt_farmer tgt_the tgt_heavy tgt_basket

tgt_across tgt_the tgt_field tgt_carefully tgt_carries].
1-shot output

To translate the sentence “The farmer with a bright smile carries the heavy basket
carefully across the field.” into Language A, we need to follow the linguistic rules
provided:

1. Subject-Object-Verb structure: The subject is “The farmer with a bright smile”,
the object is “the heavy basket”, and the verb is “carries”.

2. Prepositional phrases modifying a noun are placed before the noun: “with a
bright smile” modifies “The farmer”, so it comes before “The farmer”.

3. Prepositional phrases modifying a verb are placed before the verb: “across the
field” modifies “carries”, so it comes before “carries”.

4. Adverbs modifying a verb are placed before the verb: “carefully” modifies
“carries”, so it comes before “carries”.

5. The word order for a sentence with both a prepositional phrase and an adverb
modifying the verb is prepositional phrase, adverb, and then verb.

Following these rules, the sentence in Language A should be structured as:

“The farmer with a bright smile” -> tgt_with tgt_a tgt_bright tgt_smile tgt_the
tgt_farmer “the heavy basket” -> tgt_the tgt_heavy tgt_basket “carefully across the
field carries” -> tgt_carefully tgt_across tgt_the tgt_field tgt_carries

Putting it all together, the translated sentence in Language A is:

[tgt_with tgt_a tgt_bright tgt_smile tgt_the tgt_farmer tgt_the tgt_heavy tgt_basket

tgt_carefully tgt_across tgt_the tgt_field tgt_carries .| >
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C.4 1-shot-CoT output

To translate the English sentence “The farmer with a bright smile carries the heavy
basket carefully across the field.” into Language A, we will follow the linguistic rules
provided.

First, we identify the root verb, which is ‘carries’.

Next, we find the subject of the sentence, ‘farmer’, and its related tokens: ['The’,
‘with a bright smile’].

Then, we locate the object of the sentence, ‘basket’, and its related tokens: [’the’,
‘heavy’].

We then move the object and its related tokens behind the subject and its related
tokens to follow the Subject-Object-Verb word order of Language A: ‘The farmer with a
bright smile the heavy basket carries carefully across the field.’.

To apply the ‘Prepositional Phrase before Verb’ transformation, we first identify the
verb, which is ‘carries’.

Next, we identify the prepositional phrase that modifies the verb which is ‘across the
field’.

We then move the prepositional phrase in front of the verb.

Next, we locate the adverb that modifies the verb, which is ‘carefully’.

Then, we move the adverb ‘carefully’ in front of the verb ‘carries’.

Now, the sentence is in Prepositional Phrase, Adverb, Verb word order as applied in
Language A: ‘The farmer with a bright smile the heavy basket across the field carefully
carries.’.

Now we translate the sentence to Language A using the word pairs between English
and Language A for the example sentence.

Lastly, we have the translated example sentence: [tgt_the tgt_farmer tgt_with tgt_a
tgt_bright tgt_smile tgt_the tgt_heavy tgt_basket tgt_across tgt_the tgt_field tgt_carefully

tgt_carries]. >



