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Abstract

Phrases are fundamental linguistic units001
through which humans convey semantics. This002
study critically examines the capacity of003
API-based large language models (LLMs) to004
comprehend phrase semantics, utilizing three005
human-annotated datasets. We assess the per-006
formance of LLMs in executing phrase seman-007
tic reasoning tasks guided by natural language008
instructions and explore the impact of com-009
mon prompting techniques, including few-shot010
demonstrations and Chain-of-Thought reason-011
ing. Our findings reveal that LLMs greatly out-012
perform traditional embedding methods across013
the datasets; however, they do not show a signif-014
icant advantage over fine-tuned methods. The015
effectiveness of advanced prompting strategies016
shows variability. We conduct detailed error017
analyses to interpret the limitations faced by018
LLMs in comprehending phrase semantics.019

1 Introduction020

Understanding phrase semantics presents unique021

challenges for Artificial Intelligence due to the022

compositionality and ambiguity inherent in nat-023

ural languages. The same set of words can yield024

phrases with vastly different meanings, exemplified025

by phrase pairs such as “traffic light” versus “light026

traffic” and “hard drive” versus “drive hard”. Un-027

derstanding phrase semantics (Korkontzelos et al.,028

2013; Turney, 2012; Asaadi et al., 2019; Pavlick029

et al., 2015) involves reasoning the structure and030

meaning of the combined words and aligning these031

symbol with real-world concepts commonly under-032

stood by humans. Common tasks used to assess033

a model’s ability to comprehend phrase semantics034

include identifying similar phrases or estimating035

the semantic similarity between phrase pairs.036

Traditional methods for representing phrase se-037

mantics generally rely on either embedding-based038

strategies or fine-tuning approaches. Embedding-039

based methods (Wang et al., 2021; Joshi et al.,040

2020; Reimers and Gurevych, 2019; Gao et al., 041

2021; Yu and Dredze, 2015) generate vector rep- 042

resentations for phrases, using vector similarity as 043

a proxy for semantic relatedness. However, this 044

approach often oversimplifies the complex relation- 045

ships between phrases. On the other hand, fine- 046

tuning methods (Wang et al., 2021; Pham et al., 047

2023) adapt a pretrained model (like BERT) to a 048

specific task, such as classification or regression, 049

but require extensive task-specific data. 050

Large language models (LLMs) excel by general- 051

izing to new tasks with minimal instructions, an ad- 052

vantage in data-scarce situations. Innovations such 053

as in-context few-shot learning (Dong et al., 2022; 054

Cahyawijaya et al., 2024) and Chain-of-Thought 055

prompting (Wei et al., 2022b; Nguyen et al., 2023; 056

Ling et al., 2024) have shown promise in trans- 057

ferring knowledge to novel tasks and enhancing 058

reasoning skills. The potential of LLMs in phrase 059

semantic understanding remains underexplored and 060

warrants investigation. 061

This study evaluates the performance of LLMs 062

in phrase semantics tasks by focusing on their 063

instruction-following abilities. Our contributions 064

are threefold: (1) We analyze LLMs’ processing 065

of phrase semantics, particularly their alignment 066

with human linguistic understanding – a crucial yet 067

underexplored aspect; (2) We benchmark LLMs 068

against a range of traditional methods to determine 069

if LLMs can effectively perform semantic reason- 070

ing tasks solely based on instruction-following and 071

various prompting techniques; (3) We provide a de- 072

tailed error analysis to elucidate the reasons behind 073

the failures of current LLMs in specific scenarios. 074

2 Methods 075

We compare three types of models to evaluate their 076

performance in understanding phrase semantics: 077

Embedding similarity based methods: these 078

models encode phrases into dense vectors and mea- 079
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Task Prompt Ground-
truth Output

Turney
+CoT

Given 5 word candidates (delimited by |), you are tasked to
answer which word is most semantically similar to a given
phrase.

Please respond with the word only, without any explanation.
Among 5 words "proverb | sabre | stockpiling | moonlighter

| jigsaw", which word is most similar to the phrase "saber
saw"? Let’s think step by step, briefly explain the meaning of
each word/phrase, and end the response with a new line that
only contains the answer.

jigsaw

- Sabre: A type of sword with a curved blade.
- Stockpiling: Accumulating a large amount of goods or materials.
- Jigsaw: A tool used for cutting precise curves in wood, metal, or other
materials.
- Moonlighter: A person who has a second job in addition to their main
one, typically done at night.
- Proverb: A short, well-known saying that expresses a general truth or
piece of advice.

Jigsaw

BiRD
+CoT

Given two phrases, you are tasked to predict the semantic
relatedness of them.

Now, given two "access road" and "road access", what
is their semantic relatedness? Please only output a number
within the range [0, 100].

Let’s think step by step, briefly explain the meaning of each
phrase, and end the response with a new line that only contains
the estimated number of semantic relatedness.

0.684

“Access road” typically refers to a road that allows people to reach a
main road or destination.
“Road access” generally means the ability to reach or use a road. It
implies that there is a way to get onto the road from a property, area, or
another road.
Given the close relationship between the physical entity of an access
road and the concept of having road access, the relatedness is high.

95.

PiC
+CoT

Given a pair of phrases sharing the same context, you are
tasked to answer whether the two phrases have the same se-
mantic meaning. Now here is the test:

- On the local circuit, Faiz emerged champion in 3 events
and obtained medals in both the Foil and Sabre U-12 events.

- On the community competitions, Faiz emerged champion
in 3 events and obtained medals in both the Foil and Sabre
U-12 events.

Please answer whether the phrase pair "local circuit"
and "community competitions" has the same semantic mean-
ing. Let’s think step by step, briefly explain the similar-
ity/difference between the two phrases, and end the response
with only Yes or No).

yes

The phrase “local circuit” typically refers to a series of competitions
that are held within a specific local area. It implies a sequence of events
that participants travel around to compete in.

On the other hand, “community competitions” suggests contests or
events that are organized within a community, which could be a town,
city, or a smaller locality. This term emphasizes the community aspect
and may not necessarily imply a series of events or the same structured
nature as a circuit.

While both phrases indicate events that are local and not of a larger
national or international scale, “local circuit” suggests a more organized
series of events, whereas “community competitions” could be less struc-
tured and not part of a circuit.

No.

Table 1: Examples of instructions with CoT and the corresponding GPT-4-Turbo outputs on three tasks.

sure semantic relatedness through vector similarity.080

For classification, the phrase with the highest vec-081

tor similarity is selected, while for regression tasks,082

the similarity score itself is used as the prediction.083

Fine-tuning based methods: these approaches in-084

volve adding a prediction head to a pretrained lan-085

guage model, fine-tuning it to capture the nuances086

of specific semantic tasks. In this study, results are087

reported for a classification dataset, PiC-PS, where088

a training split is available.089

Natural language instruction based methods:090

Leveraging instruction-tuned models like GPT-091

3 (Brown et al., 2020b) and FLAN (Chung et al.,092

2022), these methods guide language models by093

providing task instructions as part of the input.094

Techniques such as in-context few-shot demonstra-095

tion (Brown et al., 2020a) and chain-of-thought096

prompting (CoT) (Wei et al., 2022c,a) are em-097

ployed to enhance models’ task-specific reasoning098

capabilities. When CoT prompting is enabled, we099

guide the model to execute semantic reasoning, i.e.100

explain the meaning of each phrase and their differ-101

ences before making predictions, which is different102

from math or logical reasoning tasks (Cobbe et al.,103

2021; Srivastava et al., 2023) that care about the104

soundness of the reasoning procedure.105

3 Experiment Setting 106

To evaluate phrase semantics understanding, three 107

datasets were utilized: 108

Turney (Turney, 2012): Comprising 2,180 exam- 109

ples derived from WordNet, this dataset pairs one 110

bigram phrase (query phrase) with five unigrams, 111

where one unigram is a synonym of the bigram, 112

and the others are related distractors. As a multiple- 113

choice classification task, it challenges the model 114

to identify the synonym from the unigrams, with 115

performance measured by accuracy. 116

BiRD (Asaadi et al., 2019): This is a bigram relat- 117

edness dataset using the Best–Worst Scaling (BWS) 118

annotation. In contrast to common annotation tech- 119

niques that use a discrete 0 to 5 scale, BWS is ex- 120

pected to provide more reliable and discriminating 121

annotations. Specifically, it employs comparative 122

annotations, where annotators are given multiple 123

items at a time and asked to select which item is the 124

best and worst. BiRD consists of 3,345 pairs of bi- 125

gram phrases, each including a pair of phrases and 126

a human rating of similarity between 0 and 1. The 127

Pearson correlation coefficient between the model 128

predictions and human judgments is reported. 129

PiC-PS (Phrase-in-Context - Phrase Similar- 130

ity) (Pham et al., 2023): PiC-PS is a binary clas- 131
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Model Turney
(Accuracy)

BiRD
(PearsonCC)

Baselines (Embedding)

BERT 42.5 0.445
BERT-Large 42.5 0.476
SpanBERT 20.8 0.257
SpanBERT-Large 41.0 0.330
Phrase-BERT 57.1 0.689

LLMs (Instruction) +CoT +CoT

GPT-3.5T, 0-shot 87.0 83.4 0.719 0.689
GPT-3.5T, 2-shot 87.0 76.0 0.637 0.639
GPT-3.5T, 4-shot 87.6 78.6 0.636 0.632
GPT-4T, 0-shot 86.1 86.2 0.750 0.724
GPT-4T, 2-shot 86.8 86.4 0.759 0.733
GPT-4T, 4-shot 87.5 86.6 0.761 0.738

Table 2: Model performance on Turney and BiRD. Best
score in each group/task is underlined/boldfaced.

sification task and it contains 2,000 examples for132

testing. The model is tasked to predict whether133

two noun phrases are semantically similar or not134

in the same context. The challenge of this task is135

that, without taking the contextual information into136

account, very likely the two phrases are interpreted137

as synonyms. The accuracy score is reported.138

For Turney and BiRD, we replicate baselines fol-139

lowing (Wang et al., 2021). For PiC-PS, we follow140

(Pham et al., 2023) and reuse the reported scores.141

We select two API-based LLMs: GPT-3.5-Turbo142

(gpt-3.5-turbo-1106) and GPT-4-Turbo (gpt-4-143

1106-preview). Sample data and prompts are de-144

tailed in Table 1 and 4. If the OpenAI API fails145

to produce valid responses (e.g., system refusal146

messages), we retry up to 10 times or assign de-147

fault values (-1 for BiRD and INVALID for others).148

The potential of few-shot learning to enhance LLM149

performance was also considered. Given the ab-150

sence of a development set for Turney and BiRD,151

10 examples from each test split were allocated as152

a makeshift development set, leaving 2,170 and153

3,335 examples for final testing, respectively.154

4 Results and Analyses155

4.1 Main Results156

The results of phrase semantic similarity are pre-157

sented in Table 2 and 3. The evaluation of phrase158

semantic similarity across the datasets shows that159

instruction-based methods employing LLMs set160

new benchmarks (Turney from 57.1 to 87.6, BiRD161

from 0.689 to 0.761, PiC-PS from 69.3 to 73.5).162

However, the highest score on each dataset comes163

with different models or configurations.164

On the Turney benchmark, the previous best ac-165

Model PiC-PS Accuracy

Baselines M1: Embedding M2: Fine-tuned

BERT 64.1 68.9
SpanBERT 64.0 66.9
SpanBERT-Large 66.3 69.3
SentenceBERT 60.3 62.6
PhraseBERT 63.4 66.1
SimCSE 62.5 66.7

LLMs M3: w/o CoT M4: w/ CoT

GPT-3.5T, 0-shot 62.1 66.3
GPT-3.5T, 2-shot 70.8 62.0
GPT-3.5T, 4-shot 69.9 63.4
GPT-3.5T, 8-shot 67.6 63.3
GPT-4T, 0-shot 73.7 64.4
GPT-4T, 2-shot 72.8 70.7
GPT-4T, 4-shot 73.5 72.3
GPT-4T, 8-shot 72.7 72.0

Table 3: Model performance on PiC-PS.

curacy score (57.1) was achieved by an embedding- 166

based method using Phrase-BERT and cosine simi- 167

larity. Both LLMs under the basic prompting sig- 168

nificantly outperform Phrase-BERT (+30 points), 169

primarily due to enhanced language understanding 170

capabilities. Furthermore, more improvements can 171

be attained (GPT-3.5T +0.6, GPT-4T +1.4, no CoT) 172

by providing few-shot examples within the context, 173

allowing the model to glean more task-specific in- 174

formation for refining its predictions. 175

BiRD directly evaluates the alignment between 176

human annotators and models on phrase similari- 177

ties, which is measured by Pearson correlation co- 178

efficient. It may favor embedding-based methods 179

since they were trained by optimizing the similar- 180

ities between phrases (Wang et al., 2021). LLMs 181

output similarities in natural language, similar to 182

the way that humans annotate the data (Asaadi 183

et al., 2019). The result shows that LLMs still out- 184

run baselines by a clear margin. Similar to Turney 185

results, few-shot examples show beneficial impacts 186

on GPT-4T but CoT hurts both models. One pos- 187

sible reason is that the longer prompts potentially 188

cause “distractions” to the models. For example, 189

we observe many more bad-format cases for GPT- 190

3.5T when CoT prompting is enabled. 191

PiC-PS is a context-dependent test. The task is 192

arguably more challenging as the difference be- 193

tween them can be subtle and models need to 194

comprehend the context for support. The previ- 195

ous best score (69.3) is achieved by a fine-tuned 196

SpanBERT-Large with 7k training examples. The 197

best LLM setting only attains a minor improve- 198

ment (73.7). The few-shot demonstration ben- 199

efits GPT-3.5-Turbo the most when two exam- 200

ples are used, but it worsens the performance of 201
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GPT-4-Turbo. Additionally, the result shows that202

the CoT prompting leads to degradation in general.203

The models appear to give reasonable interpreta-204

tions and only few invalid responses are detected.205

4.2 Error Analyses206

LLMs demonstrate state-of-the-art performance207

across three phrase semantics benchmarks with-208

out any fine-tuning. However, advanced prompting209

techniques yield inconsistent results. Our goal here210

is to conduct thorough analyses to discern the rea-211

sons behind these failures.212

Failure of CoT: We have observed that semantic213

CoT prompting generally impacts performance neg-214

atively. A benefit of CoT prompting is its ability to215

make the model’s reasoning processes transparent,216

allowing for detailed examinations of its predic-217

tions. In this study, we analyze 50 Turney incorrect218

predictions made by GPT-4-Turbo, using 4-shot219

and CoT to investigate the behaviors of LLMs.220

Our analysis reveals three primary categories of221

errors: 1. Erroneous selection despite correct222

analysis (27/50): The model correctly explains in-223

dividual phrases – like “inkpot” as a small container224

for ink and “vessel” as a container for holding liq-225

uids—but fails to select the most relevant phrase.226

For instance, despite explaining both terms accu-227

rately, the model erroneously selects “vessel” as228

most similar to “ink bottle”. 2. Unknown concepts229

(13/50): For example, it does not understand the230

phrase “magic eye” as referring to a photoelectric231

cell or a tuning indicator in radios. Thus the model232

mistakenly associates it with “thaumaturgy” (magic233

spells) instead of “photocell”. 3. Label ambiguity234

(7/50): Phrases with multiple meanings pose signif-235

icant challenges. “Small beer” can denote either a236

minor issue or a type of beer. The model struggles237

to differentiate whether “brew” or “trivia” is more238

appropriate, given both could contextually align239

with “small beer”. Additional error types account240

for the remaining cases (3/50).241

Alignment to human semantic preference: We242

analyze the distribution of phrase-pair similarities243

as assessed by human annotators and two LLMs,244

depicted in Figure 1. The similarities assigned245

by human annotators typically follow a normal246

distribution. GPT-3.5-Turbo, on the other hand,247

frequently assigns a similarity value of 65.0 – ob-248

served 1,725 times – which may suggest a training249

bias. This atypical tendency is also noted under250

other test conditions. GPT-4-Turbo demonstrates251

a broader range of similarity assignments, yet both252

models tend to assign higher similarity scores than 253

those given by human annotators. The distribu- 254

tions observed in CoT variants are similarly skewed. 255

These findings indicate that LLMs are not yet fully 256

aligned with human preferences regarding phrase 257

similarity assessments. 258

Failure to follow instructions: In our tests, 259

there were relatively few instances (less than 10 260

per test) where failures were due to invalid out- 261

put formats. However, when Chain-of-Thought 262

(CoT) prompting was enabled, the performance 263

of GPT-3.5-Turbo on the Turney dataset deterio- 264

rated significantly. Specifically, the incidence of 265

invalid outputs increased dramatically from 0/5/7 266

to 825/1,354/1,224 under the 0/2/4-shot settings. 267

Moreover, in 37/159/136 of these cases, the model 268

merely repeated the query phrases. The model 269

often produced a sentence (e.g., “the word most 270

similar to the phrase ’elephant bird’ is: aepyornis”) 271

instead of the expected single candidate phrase, 272

necessitating post-processing (results shown in Ta- 273

ble 2). Despite changes in prompt settings, GPT-4- 274

Turbo consistently generated valid outputs. 275

Figure 1: Histograms of BiRD phrase-pair similarities
assigned by human annotators, GPT-3.5-turbo and GPT-
4-turbo (4-shot demonstration, no CoT prompting).

5 Conclusion 276

We investigated the performance of LLMs on 277

phrase semantics to assess their alignment with 278

human preferences. Despite strong performance 279

across benchmarks, our findings reveal significant 280

opportunities for improvement. Key areas include 281

ensuring consistent adherence to instructions, craft- 282

ing better prompts to enhance semantic reasoning, 283

and integrating external knowledge to resolve ambi- 284

guities in phrase interpretation. This study inspects 285

the alignment of LLMs with human understanding 286

through the lens of phrase semantics, shedding light 287

on the specific challenges and limitations these 288

models face. It also inspires further exploration 289

into diverse perspectives to assess the cognitive 290

differences between AI agents and humans. 291
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6 Limitations292

Model Dependency: The research only uti-293

lizes two API-based large language models:294

GPT-3.5-Turbo and GPT-4-Turbo. They repre-295

sent a specific subset of available LLMs, and their296

findings may not generalize to other models or297

newer versions.298

Dataset and Evaluation Constraints: Our ex-299

periments were conducted using three specific300

datasets, which may not encompass the full spec-301

trum of phrase semantics diversity. The inherent302

ambiguity in phrase semantics can render bench-303

marking both challenging and debatable. Addition-304

ally, the BiRD dataset relies on human ratings of305

phrase pairs, introducing a degree of subjectivity306

and potential biases in the annotations.307

Prompt Dependence: The study heavily relies308

on the effectiveness of prompting techniques, in-309

cluding few-shot demonstrations and CoT prompt-310

ing. Models may be sensitive to the exact wording311

and structure of prompts, which can lead to vari-312

ability in model performance.313
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Task Prompt Ground-truth Output

Turney

Given 5 word candidates (delimited by |), you are tasked to
answer which word is most semantically similar to a given
phrase.

Please respond with the word only, without any explanation.
Among 5 words "device | keypad | nihilism | vestal |

machine", which word is most similar to the phrase "computer
keyboard"?

keypad keypad

Turney
+ 2-shot

Given 5 word candidates (delimited by |), you are tasked to
answer which word is most semantically similar to a given
phrase.

Please respond with the word only, without any explanation.
For example:
- Given phrase "street person" and words "thoroughfare |

individual | dosser | sectarianism | paraquat", the answer is:
dosser

- Given phrase "good story" and words "advantage | sports-
manship | cloudburst | funny | narrative", the answer is: funny

Among 5 words "device | keypad | nihilism | vestal |
machine", which word is most similar to the phrase "computer
keyboard"?

keypad keypad

Turney
+ 2-shot
+ CoT

Given 5 word candidates (delimited by |), you are tasked to
answer which word is most semantically similar to a given
phrase.

For example:
- Given phrase "street person" and words "thoroughfare |

individual | dosser | sectarianism | paraquat", the answer is:
dosser

- Given phrase "good story" and words "advantage | sports-
manship | cloudburst | funny | narrative", the answer is: funny

Among 5 words "device | keypad | nihilism | vestal |
machine", which word is most similar to the phrase "computer
keyboard"?

Let’s think step by step, briefly explain the meaning of each
word/phrase, and end the response with a new line which only
contains the answer.

keypad

- Vestal: Referring to or characteristic of a vestal virgin;
chaste, pure, or related to the Roman goddess Vesta.

- Machine: An apparatus using mechanical power and
having several parts, each with a definite function and together
performing a particular task.

- Nihilism: The rejection of all religious and moral princi-
ples, often in the belief that life is meaningless.
- Device: A thing made or adapted for a particular purpose,
especially a piece of mechanical or electronic equipment.

- Keypad: A set of buttons arranged in a block or "pad"
which bear digits, symbols, or alphabetical letters and are used
for entering data into a computer system or other device.

keypad

BiRD

Given two phrases, you are tasked to predict the semantic
relatedness of them. Note that you are granted to have the
capability to predict semantic relatedness between two specific
terms.

Now, given two "access service" and "accessible location",
what is their semantic relatedness?

Please only output a number within the range [0, 100].

0.465 70

BiRD
+ 2-shot

Given two phrases, you are tasked to predict the semantic
relatedness of them. Note that you are granted to have the
capability to predict semantic relatedness between two specific
terms.

For example:
- The semantic relatedness of "world class" and "class

world" is: 42.0
- The semantic relatedness of "world class" and "premier"

is: 36.4
Now, given two "access service" and "accessible location",

what is their semantic relatedness?
Please only output a number within the range [0, 100].

0.465 58.7

BiRD
+ 2-shot
+ CoT

Given two phrases, you are tasked to predict the semantic
relatedness of them. Note that you are granted to have the
capability to predict semantic relatedness between two specific
terms.

For example:
- The semantic relatedness of "world class" and "class

world" is: 42.0
- The semantic relatedness of "world class" and "premier"

is: 36.4
Now, given two "access service" and "accessible location",

what is their semantic relatedness?
Please only output a number within the range [0, 100].
Let’s think step by step, briefly explain the meaning of

each phrase, and end the response with a new line which only
contains the estimated number of the semantic relatedness. It
does not have to be a precise numerical score. Simply let me
know a rough estimate based on your understanding.

0.465

The phrase "access service" typically refers to the ability
to use or obtain a service, which could be anything from
internet access to customer support. It implies the provision
of a service that can be used or reached.

On the other hand, "accessible location" generally means a
place that can be easily reached or entered, often used in the
context of being user-friendly for individuals with disabilities
or simply easy to get to for the general public.

While both phrases involve the concept of accessibility, they
apply to different contexts one to services, and the other to
physical locations. However, there is a thematic overlap in the
idea of being able to reach or use a service or location.

Considering this thematic overlap, but also the difference
in application (service vs. location), I would estimate the
semantic relatedness of the two phrases to be moderate. Here’s
the estimated number for their semantic relatedness:

55.0

Table 4: Prompts used in this study for Turney and BiRD and the corresponding outputs from GPT-4-Turbo.
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Task Prompt Ground-truth Output

PiC

Given a pair of phrases sharing the same context, you are tasked to
answer whether the two phrases have the same semantic meaning. Now
here is the test, in the two sentences below:

- However, James Alfred was not convicted in this or in a prior case
of a similar nature.

- However, James Alfred was not convicted in this or in a preceding
game of a similar nature.

The phrase pair "prior case" and "preceding game" has the same
semantic meaning is (only output Yes or No):

no no

PiC
+ 2-shot

Given a pair of phrases sharing the same context, you are tasked to
answer whether the two phrases have the same semantic meaning. Now
here is the test, in the two sentences below:

Here are 2 examples:
Example#1, in the two sentences below:
- Carty attended a Saturday morning acting class at Phildene Stage

School from the age of four, which had an attached agency.
- Carty attended a Saturday morning acting class at Phildene Stage

School from the age of four, which had an accompanying business that
represents actors.

phrases describe a business connected to the Stage School, with
the primary function of representing actors.The phrase pair "attached
agency" and "accompanying business that represents actors" has the
same semantic meaning is: Yes

Example#2, in the two sentences below:
- after theo’s apparent death, she decides to leave first colony and ends

up traveling with the apostles.
- after theo’s apparent death, she decides to leave original settlement

and ends up traveling with the apostles.
Both phrases refer to an initial establishment or habitation, but "first

colony" carries specific connotations of being part of a series of colonies
or a larger colonization effort, whereas "original settlement" is a more
neutral term for any first habitation.The phrase pair "first colony" and
"original settlement" has the same semantic meaning is: No
Now here is the test, in the two sentences below:

- However, James Alfred was not convicted in this or in a prior case
of a similar nature.

- However, James Alfred was not convicted in this or in a preceding
game of a similar nature.

Please answer whether the phrase pair "prior case" and "preceding
game" has the same semantic meaning?

Please only respond with Yes or No.

no no

PiC
+ 2-shot
+ CoT

Given a pair of phrases sharing the same context, you are tasked to
answer whether the two phrases have the same semantic meaning. Now
here is the test, in the two sentences below:

Here are 2 examples:
Example#1, in the two sentences below:
- Carty attended a Saturday morning acting class at Phildene Stage

School from the age of four, which had an attached agency.
- Carty attended a Saturday morning acting class at Phildene Stage

School from the age of four, which had an accompanying business that
represents actors.

Whether the phrase pair "attached agency" and "accompanying busi-
ness that represents actors" has the same semantic meaning?
Let’s think step by step: Both phrases describe a business connected to
the Stage School, with the primary function of representing actors.
So the answer is: Yes

Example#2, in the two sentences below:
- after theo’s apparent death, she decides to leave first colony and ends

up traveling with the apostles.
- after theo’s apparent death, she decides to leave original settlement

and ends up traveling with the apostles.
Whether the phrase pair "first colony" and "original settlement" has

the same semantic meaning?
Let’s think step by step: Both phrases refer to an initial establishment or

habitation, but "first colony " carries specific connotations of being part
of a series of colonies or a larger colonization effort, whereas "original
settlement" is a more neutral term for any first habitation.
So the answer is: No
Now here is the test, in the two sentences below:

- However, James Alfred was not convicted in this or in a prior case
of a similar nature.

- However, James Alfred was not convicted in this or in a preceding
game of a similar nature.

Please answer whether the phrase pair "prior case" and "preceding
game" has the same semantic meaning.

Let’s think step by step, briefly explain the similarity/difference
between the two phrases, and end the response with only Yes or No).

no

The phrase "prior case" refers to a legal matter
or situation that has occurred before the current
one, suggesting a context of legal proceedings or
court cases. On the other hand, "preceding game"
implies a sports or recreational activity that took
place before another event. The key difference lies
in the context implied by "case", which is legal,
and "game", which is recreational or competitive.
Therefore, the two phrases do not have the same
semantic meaning.

No.

Table 5: Prompts used for calling LLMs on PiC-PS and the corresponding outputs from GPT-4-Turbo.
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