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Abstract

This paper explores the concept of solving
implicature in Natural Language Processing
(NLP), highlighting its significance in under-
standing indirect communication. Drawing on
foundational theories by Austin, Searle, and
Grice, we discuss how implicature extends be-
yond literal language to convey nuanced mean-
ings. We review existing datasets, including the
Pragmatic Understanding Benchmark (PUB),
that assess models’ capabilities in recognizing
and interpreting implicatures. Despite recent
advances in large language models (LLMs),
challenges remain in effectively processing im-
plicature due to limitations in training data and
the complexities of contextual interpretation.
We propose future directions for research, in-
cluding the enhancement of datasets and the
integration of pragmatic reasoning tasks, to im-
prove LLMs’ understanding of implicature and
facilitate better human-computer interaction.

1 Introduction

Humans have long been fascinated by how lan-
guage conveys meaning through words, intentions,
and implications, prompting philosophers and lin-
guists to explore its role in communicating infor-
mation and performing actions.

(Austin, 1975) introduced the concept of speech
acts, stating that utterances can perform actions
beyond merely stating facts. He distinguished be-
tween locutionary acts, illocutionary acts, and per-
locutionary acts. A locutionary act is the act of
making an utterance with a specific sense and refer-
ence, an illocutionary act is the intentional action
performed by the speaker through the utterance,
and a perlocutionary act is the effect the utterance
has on the listener.

(Searle, 1975) expanded speech act theory by
categorizing illocutionary acts into five types: as-
sertives (statements of fact), directives (requests or
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commands), commissives (promises), expressives
(emotional expressions), and declarations (state-
ments that change reality, such as making a deci-
sion official). He also introduced indirect speech
acts, where the intended meaning differs from the
literal words. This is crucial to implicature, as it
highlights how speakers can imply actions or inten-
tions indirectly, such as saying, "It’s getting late,"
to suggest it’s time to leave without explicitly stat-
ing it.

Implicature introduced by (Grice, 1975), refers
to the implied meanings conveyed by speakers that
extend beyond literal interpretations. It relies on the
cooperative principle and conversational maxims,
where violations lead to additional meanings, i.e.,
implicatures or pragmatic effects.

1.1 Gricean Theory of Implicature

Grice’s theory distinguishes between two types of
implicature: conventional and conversational. Con-
ventional implicatures are tied to specific words,
while conversational implicatures depend on con-
text and the cooperative principle.

Implicature, as introduced by (Grice, 1975),
refers to the implied meaning that a speaker con-
veys in an utterance, often extending beyond its
literal interpretation. Grice’s work laid the founda-
tion for understanding how speakers communicate
additional information implicitly, which is crucial
for successful human communication and a deeper
understanding of pragmatics. Under the coopera-
tive principle, Grice posits that speakers facilitate
a conversation by being cooperative agents — be-
ing truthful, informative, relevant, and clear. The
meaning of an utterance is thus inferred based on
the assumption that speakers generally follow these
conversational maxims: quantity, quality, relation,
and manner. When a speaker violates or contra-
dicts one of these maxims, they do so to convey an
additional meaning beyond the literal content. This
results in pragmatic effects, such as humor or sar-



casm, but more commonly, it leads to implicature.

2 Implicature in Computational
Linguistics

Understanding implicature is essential in NLP tasks
like dialogue systems. Despite the success of
LLMs, their ability to handle implicature remains
largely unexplored. This survey reviews current
approaches, datasets, and future directions in the
field.

2.1 Datasets for Implicature

Multiple datasets have been created to evaluate
implicature understanding, but most have limited
scope. Examples are listed below:

• Pragmatic Understanding Benchmark
(PUB): A benchmark (Sravanthi et al., 2024)
designed to assess pragmatic reasoning across
multiple dimensions, including implicature.
The PUB tasks pertaining to implicature
include:

– CIRCA: A dataset designed to assess
conversational implicature by provid-
ing dialogue snippets and context-based
questions, enabling models to infer
implied meanings from conversations.
2.5K label-balanced samples from the
dataset’s 4.3K samples were considered
for the benchmark.

– GRICE: This dataset focuses on impli-
cature recovery tasks, evaluating models’
abilities to identify and interpret implied
meanings based on conversational max-
ims and context.

– FigQA: A dataset that integrates lan-
guage and visual understanding, assess-
ing models’ capabilities to reason about
implicatures within visual contexts, us-
ing images paired with descriptive ques-
tions.

– FLUTE: Aimed at understanding lin-
guistic context, FLUTE evaluates how
well models can identify implicatures
that arise during conversational ex-
changes, emphasizing the importance of
context in meaning interpretation.

– IMPRESS: This dataset tests the ability
to recognize and interpret implicatures
across various communicative scenarios,

enhancing models’ understanding of nu-
anced language use and social dynam-
ics. (Sravanthi et al., 2024) select 2100
(together with NOPE dataset) from the
dataset’s 25K datapoints.

– NOPE: A dataset focused on evaluating
models’ performance in understanding
negation and its implications in conver-
sational contexts, providing insights into
how negation interacts with implicature.
(Sravanthi et al., 2024) select 2100 (to-
gether with IMPRESS dataset) fromu the
dataset’s 2732 datapoints.

– CircaPlus: A newly annotated dataset
containing 2,500 human-written implied
meanings derived from the CIRCA
dataset, focusing on indirect responses to
enrich the study of conversational impli-
cature.

– DialogAssumptions: This dataset in-
cludes 2,500 pairs of expert-annotated
presuppositions based on dialogues from
the Dailydialog dataset, specifically ad-
dressing presuppositions in conversa-
tional contexts where trigger words are
absent.

– MetoQA: A novel dataset comprising
1,100 multiple-choice questions based
on metonymy, exploring the pragmatic
implications of using closely associ-
ated terms in language, contrasting with
metaphorical expressions.

• Conversational Implicature Dataset: This
dataset (George and Mamidi, 2020) provides
conversational contexts where the model is
tasked with generating the implied meaning.
It offers a more naturalistic setting for evalu-
ating a model’s ability to infer implicatures.
This dataset was also included in (Srivastava
et al., 2023) and converted into a binary clas-
sification task to avoid challenges associated
with evaluating generative models.

2.1.1 Language Reasoning Tasks and Their
Relation to Implicature

Recent advancements in NLP require LLMs ca-
pable of complex reasoning and contextual under-
standing, similar to the challenges presented by im-
plicature. The Massive Multitask Language Un-
derstanding (MMLU) benchmark (and recently,
MMLU-Pro+ (Taghanaki et al., 2024)) evaluates



model performance across various tasks, includ-
ing commonsense reasoning and reading compre-
hension (Hendrycks et al., 2021). It demands
that models infer underlying implications and rela-
tionships beyond explicit content. Similarly, Hel-
laSwag (Zellers et al., 2019) challenges models
with context-rich scenarios requiring commonsense
reasoning to select the most plausible narrative con-
tinuation, emphasizing the complexity of language
understanding crucial for grasping implicature.

Tasks such as the Abstraction and Reasoning
Corpus (ARC) (Chollet, 2019) challenge mod-
els with problems that require creative problem-
solving and reasoning skills. Unlike simpler NLI
tasks that focus on explicit entailment, ARC de-
mands the flexible manipulation of underlying
concepts, pushing the boundaries of reasoning
capabilities. Similarly, the MultiWOZ dataset
(Budzianowski et al., 2018) demonstrates the prac-
tical significance of implicature in conversational
contexts, where accurately interpreting indirect
user intents is crucial for effective dialogue manage-
ment. Together, these tasks underscore the impor-
tance of developing models equipped for nuanced
reasoning and contextual comprehension—skills
critical for handling implicature in natural language
understanding.

There is an urgent need for datasets that formal-
ize implicature based on Gricean theory, as these
could provide more nuanced insights into conver-
sational dynamics and speaker intentions. Such
datasets would enhance NLP models’ ability to
process indirect communication effectively, bridg-
ing the gap between theoretical pragmatics and
practical applications in dialogue systems.

3 Advances in Computational
Implicature

Recent advances in LLMs have enabled the tack-
ling of complex NLP tasks involving reasoning
and inference, yet implicature continues to pose a
significant challenge even for the most advanced
models, as highlighted by the following key LLMs
and their performance on implicature tasks (scores
in percentages):

• GPT-4: GPT-4 achieves accuracy of 81.8 on
the conversational implicature dataset by (Sra-
vanthi et al., 2024), as highlighted in (Ruis
et al., 2023). This improvement is attributed
to instruction-level fine-tuning, enhancing its
ability to infer meaning beyond literal text.

While GPT-4 outperforms earlier models, it
still falls short of human-level understanding,
indicating that scaling alone is insufficient for
resolving complex implicatures. Notably, us-
ing accuracy as a metric is further justified
by (Srivastava et al., 2023) who demonstrated
the effectiveness of binary classification for
evaluating implicature tasks.

• GPT-3.5: While GPT-3.5 performs well on
various NLP tasks, achieving an accuracy of
78.13 on the GRICE benchmark and 48.86 on
IMPRESS, its ability to generate and recog-
nize implicatures is limited. Evaluations us-
ing the Pragmatic Understanding Benchmark
(PUB) reveal that it often struggles to produce
the depth of reasoning required for meaning-
ful implicatures in conversational contexts.

• LLaMA-2: Despite offering scalability,
LLaMA-2’s performance on implicature tasks
is moderate, with accuracies of 56.26 on
GRICE and 49.29 on IMPRESS for the 7 bil-
lion parameter model and 75.91 and *55.09
for the 70B model, respectively. Even with
a large number of parameters, these models
fail to consistently generate informative and
contextually accurate implicatures in PUB as-
sessments, indicating that scale alone is insuf-
ficient for understanding implicature.

• FlanT5-XXL: Instruction fine-tuned models
like FlanT5-XXL excel in implicature tasks,
achieving an accuracy of 82.9 on GRICE and
64.12 on IMPRESS, likely due to their train-
ing on reasoning-centric objectives. PUB re-
sults indicate that these models outperform
larger, untuned alternatives, highlighting the
importance of instruction-based fine-tuning
for effectively tackling pragmatic reasoning
challenges. Notably, human performance on
these tasks is significantly higher, with accu-
racies of 93.67 on GRICE and 57.91 on IM-
PRESS, underscoring the gap between current
LLM capabilities and human understanding.

3.1 Challenges in Evaluating Implicature
Training Data Gaps: Most implicature datasets
are small (PUB benchmark generally contains
2.5K samples for each task) compared to extensive
datasets used for reasoning tasks such as ARC and
HellaSwag (14.3M and 10K samples, respectively).
This limits model performance due to insufficient



examples of diverse implicature contexts. Expand-
ing these datasets to include real-world conversa-
tional implicatures is crucial for enhancing model
performance. Additionally, datasets formalizing
the implicature according to Gricean theory could
provide deeper insights into conversational dynam-
ics and speaker intentions, ultimately improving
the understanding of NLP models of indirect com-
munication.

Complexity of Contextual Interpretation: Im-
plicature is highly context-dependent, making stan-
dardized evaluation metrics challenging to estab-
lish. Different conversational settings can yield
varying implications, complicating the assessment
of a model’s understanding. Moreover, inferring
meaning from nonliteral language requires a nu-
anced grasp of social norms, cultural references,
and pragmatic cues, which are often difficult to
quantify.

(Sravanthi et al., 2024) report that models strug-
gle with indirect response interpretation and NLI
pragmatic inferences, making implicature partic-
ularly challenging among other pragmatic tasks.
Furthermore, the subpar performance of LLMs
in pragmatics tasks stems more from deficiencies
in pragmatic reasoning than from a lack of world
knowledge, as evidenced by poor results in tasks
like Deixis, which do not rely on such knowledge.

4 Future Scope of Implicature

To improve the understanding of implicature, fu-
ture models should focus on tasks that involve prag-
matic reasoning, integrating world knowledge and
social norms. This approach will enable more effec-
tive implied communication and enhance human-
computer interaction. Future developments could
involve expanding current models, which often
have limited capacities, through crowd-sourcing
efforts and by introducing upgraded versions of
existing datasets, as demonstrated with CircaPlus
and the Circa dataset. Additionally, utilizing es-
tablished benchmarks such as HellaSwag, ARC,
and MMLU for data augmentation could further
enhance these models.

Broadening the scope of current implicature
datasets to cover a wider range of conversational
contexts and diversifying the types of implicature
represented will create more realistic benchmarks
for model evaluation. It is essential to incorpo-
rate data from real-life conversations, particularly
in naturalistic settings, to improve model gener-

alization and ensure that NLP systems can effec-
tively navigate the complexities of human language
across various scenarios.

5 Conclusion

In conclusion, the study of implicature remains a
critical area within computational linguistics, pre-
senting unique challenges that current models strug-
gle to address effectively. Despite advancements in
large language models (LLMs), their limited ability
to grasp the nuances of implicature underscores the
need for more comprehensive datasets and refined
training methodologies. By integrating insights
from Grice’s theory and focusing on pragmatic rea-
soning tasks, future research can help bridge the
gap between human and machine understanding of
indirect communication. Enhancing models with
diverse conversational contexts will improve their
performance in implicature tasks and enhance the
overall effectiveness of NLP systems in real-world
applications.
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