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for agentic AI. Linguistic Research 43(Special Edition): 323-340. Recent advances in large 
language models, multimodal systems, and agentic AI invite a re-examination of 
language from the perspective of linguistic theory. This article argues that language in 
contemporary AI systems should be understood not only as a medium of representation, 
but also as an interface for action, a substrate for memory, and a coordination protocol 
for distributed intelligence. The argument proceeds in three steps. First, I reinterpret 
prompting and tool use through speech act theory and pragmatics: prompts, system 
instructions, and function calls do not merely describe desired outputs; they perform 
operations that reshape model behavior and sometimes trigger consequential actions. 
Second, I show that agentic AI extends this language-as-action view into a broader 
ecology of semi-structured communication, where natural language, JSON, Markdown, 
memory files, skill descriptions, handoff protocols, and governance rules jointly organize 
the work of agents. Third, I connect this framework to representational geometry and 
typology-aware evaluation, arguing that typological diversity provides a principled way 
to probe the structure and limits of model-internal semantic spaces. The resulting view 
treats LLMs and agent systems as both engineering artifacts and experimental 
environments for linguistic theory. It suggests that linguistics can contribute directly 
to AI by clarifying how meaning, context, action, repair, and social coordination are 
encoded, operationalized, and evaluated in artificial systems. (National Taiwan 
University)

Keywords agentic AI, computational pragmatics, language engineering, semantic 
geometry, linguistic typology

© 2026. Shu-Kai Hsieh, published by Linguistic Research (KHU ISLI). This work is licensed under the 
Creative Commons Attribution 4.0 International License.



324  Shu-Kai Hsieh

1. Introduction

For much of modern linguistic theory, language has been analyzed as a symbolic 
system: a structured set of units, rules, meanings, and usage conventions (Saussure 
1916; Koerner 2013). This view remains indispensable. Yet the rapid development 
of large language models (LLMs), multimodal systems, and agentic AI has made it 
necessary to ask a further question: what happens when language becomes not only 
an object of analysis, but also a computational interface through which artificial 
systems are instructed, coordinated, constrained, and made to act?

This question is not merely terminological. In current agentic AI systems, language 
is no longer limited to user-facing dialogue. It appears in system prompts, tool 
schemas, function descriptions, memory records, skill files, planning traces, review 
rubrics, handoff protocols, safety policies, and governance rules. A prompt can change 
an output distribution; a tool call can retrieve a document, send a message, or modify 
a file; a memory note can shape future interactions; a governance instruction can 
block, redirect, or escalate an action. In short, language increasingly functions as 
operational infrastructure.

The central claim of this article is that agentic AI forces us to expand the linguistic 
horizon. Language should be understood along at least four interrelated dimensions. 
It is a representational system, as classical linguistics has long emphasized. It is also 
a pragmatic act, because prompts and tool calls perform operations. It is a geometric 
structure, because meanings and relations are encoded in model-internal 
representational spaces. Finally, it is a coordination protocol, because multi-agent 
systems depend on role definitions, task decomposition, handoff procedures, memory 
management, critique, repair, and governance.

This article therefore does not argue that LLMs “understand” language in the same 
way humans do (Bender and Koller 2020). Nor does it claim that neural models replace 
traditional linguistic theory (cf. Piantadosi 2023). Rather, it proposes a more modest 
and, I believe, more productive position: LLMs and agent systems provide a new 
experimental setting in which long-standing linguistic concepts, such as meaning, 
context, speech act, implicature, deixis, repair, genre, typology, and discourse 
organization, etc., can be operationalized and tested in computational form.

The article is organized as follows. Section 2 examines how LLMs reconstruct 
language as tokenized units, distributional meaning, attention-mediated context, and 
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aligned interaction. Section 3 reframes prompting and tool use as pragmatic action. 
Section 4 develops the notion of agentic orchestration, focusing on natural language, 
JSON, Markdown, memory, skills, and handoff protocols as complementary linguistic 
layers. Section 5 connects agentic language engineering with semantic geometry and 
typology-aware evaluation. Section 6 concludes by outlining a research agenda for 
linguistics in the age of agentic AI.

2. Language engineering in large language models

LLM training begins with a computational reconstruction of language. Before a model 
can generate text, language must be transformed into computable units, embedded 
into vectors, related through attention, and adjusted through post-training. Each stage 
carries an implicit linguistic theory. This theory is not usually stated in the vocabulary 
of linguistics, but it has direct consequences for how artificial systems represent and 
use language.

Tokenization turns written language into computable fragments. These fragments 
are not necessarily words in the traditional linguistic sense. They may be characters, 
subword units, recurrent strings, byte-level units, or combinations of these. Thus, the 
model’s first encounter with language is already mediated by an engineering decision 
about segmentation. Linguistically, it is worth noting that first, although existing 
mainstream tokenization methods like Byte-Pair Encoding (BPE) originate from the 
field of data compression, researchers should stop designing tokenizers merely as 
standard data compressors. Instead, tokenization should be viewed as a crucial 
inductive bias where structural constraints (preserving word and digit boundaries) 
matter much more than achieving the shortest possible sequence length (Schmid et 
al. 2024). Second, this matters because tokenization is not linguistically-culturally 
neutral: languages with different writing systems, morphological structures, and 
orthographic conventions may be segmented with unequal efficiency, thereby affecting 
cost, context length, and representational access (Petrov et al. 2023).

Embeddings transform linguistic units into relational representations. In this 
setting, meaning is not a dictionary definition stored with a symbol, but a position 
in a high-dimensional space derived from patterns of use (Mikolov et al. 2013). This 
view resonates with distributional and usage-based approaches to meaning: linguistic 
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units are understood through their contextual behavior. In multimodal systems, this 
relational structure extends beyond text. Meaning becomes inter-semiotic, connecting 
words with images, sounds, gestures, and possible actions (Zhang et al. 2024).

Self-attention operationalizes context as dynamic relational weighting (Vaswani et 
al. 2017). Traditional linguistics treats context as a rich combination of co-text, speaker 
assumptions, discourse history, situation, and cultural background. Attention does not 
reproduce this full human notion of context, but it gives AI systems a computable 
mechanism for selectively reactivating relevant parts of an input. Long-distance 
dependencies, discourse topics, prior commitments, and local constraints can all, in 
principle, be mediated through attention-like mechanisms.

Post-training and alignment then move the system from grammatical or semantic 
fluency toward interactional appropriateness. Supervised fine-tuning, reinforcement 
learning from human feedback, constitutional training, and related methods teach 
models not only what can be said, but what should be said under a particular social, 
task, or safety regime. From a linguistic perspective, this is a movement from syntax 
and semantics toward pragmatics and discourse regulation.

In summary, language in LLMs is tokenized as units, embedded as meaning, 
attended to as context, and aligned as interaction. Once these layers are engineered, 
language becomes not merely a medium of expression but a computational 
infrastructure for thinking and coordination.

3. Prompting and tool use as pragmatic action

The shift from text generation to agentic behavior makes pragmatics central. In 
ordinary conversation, an utterance does not merely encode propositional content. 
It can request, promise, warn, authorize, apologize, refuse, or declare. This insight 
is the core of speech act theory (Austin 1962; Searle 1969). In AI systems, the same 
insight becomes newly literal: certain utterances, once interpreted by a model and 
routed through tools, can directly change computational or physical states.

A prompt is therefore not simply a sentence. It is a linguistic intervention that 
conditions a model’s behavior. In minimal machine-learning terms, prompting is the 
operation of conditioning a model’s output distribution on an input sequence (Brown 
et al. 2020). From a pragmatic perspective, however, this definition is too thin. A 
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prompt also carries illocutionary force: it asks the model to adopt a role, follow a 
constraint, perform a task, use a tool, refuse unsafe content, or produce a particular 
genre of response.

This view helps explain why prompt engineering is not merely a matter of wording. 
It involves the explicit design of conditions that humans often leave implicit. Human 
interlocutors routinely rely on shared background, genre expectations, deictic cues, 
and repair mechanisms (Grice 1975; Levinson 1983). AI agents, by contrast, may treat 
underspecified language as executable instruction. A request such as “send the revised 
file to the usual person” presupposes a shared understanding of “the revised file” 
and “the usual person.”, etc. If these presuppositions are not recoverable from context 
or memory, an agent should initiate repair rather than act.

Tool use makes the pragmatic stakes even clearer. To overcome the inherent 
limitations of standard language models, such as hallucinations and the lack of access 
to real-time information, recent studies have augmented LLMs with external 
capabilities via tool learning (Qu et al. 2025). Pioneering frameworks like ReAct (Yao 
et al. 2023) and Toolformer (Schick et al. 2024) have demonstrated that LLMs can 
autonomously plan, decide when to invoke external APIs, and interpret the returned 
execution feedback to solve complex downstream tasks. Looking further, a function 
schema may specify the syntax of a call, and a docstring may describe its semantic 
content, but the crucial question is pragmatic: when should the tool be used, what 
side effects may follow, and when should the agent ask for confirmation? A search 
function, a delete function, and a payment function may all appear as tool calls in 
a system, but they differ radically in reversibility, risk, and required authorization. 
Many agent failures occur not at the level of syntax or even semantics, but at the 
level of pragmatic judgment.

This suggests a useful distinction. The schema of a tool is its syntax; the docstring 
is its semantics; and the invocation condition is its pragmatics. Agent design becomes 
safer and more reliable when these three layers are made explicit. A well-designed 
agent should know not only how to call a tool and what the tool means, but also 
whether the current utterance licenses the call, whether relevant presuppositions are 
satisfied, whether the action is reversible, and whether human approval is required.
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4. Agentic orchestration as language-mediated coordination

Agentic AI extends the pragmatic view of prompting into a broader ecology of 
linguistic coordination. While primitive chatbot AI systems rely on static prompt 
chains or basic tool use, scaling to long-horizon, complex tasks requires a transition 
to agentic orchestration (Ruan et al. 2026). Under this paradigm, a centralized cognitive 
layer acts as an orchestrator that dynamically decomposes goals, manages collective 
memory, and spawns specialized sub-agents to execute sub-tasks. In this scenario, 
language organizes planning, tool use, memory, verification, delegation, and 
governance. Agent engineering can therefore be understood as a form of language 
engineering: the design of linguistic artifacts that allow computational components 
to coordinate action over time.

To be precise, this coordination does not rely on natural language alone. In 
practice, agent systems depend on several complementary structural representations. 
Natural language provides semantic richness, interpretation, and negotiation. JSON 
provides machine-readable structure for state, tools, and data exchange. Markdown 
provides a human-readable workspace for plans, reports, memory, review, and 
documentation. The three forms, as shown in Table 1, differ in ambiguity, readability, 
and machine verifiability, but they jointly support agentic work, whose components 
are introduced below.

Table 1. Three linguistic layers in agentic AI
Layer Primary function Typical forms Main risk

Natural language

Meaning, 
interpretation, 
negotiation, 
explanation

Prompts, role 
instructions, 
critique, reflection, 
user requests

Ambiguity, 
underspecification, 
pragmatic misfire

JSON / structured 
data

State tracking, tool 
invocation, 
verification

Function calls, API 
payloads, memory 
records, evaluation 
results

Over-rigid schemas, 
loss of context, false 
precision

Markdown / 
semi-structured 
discourse

Shared workspace 
for humans and 
agents

Plans, reports, task 
boards, skill files, 
review notes

Stale instructions, 
conflicting 
memories, 
uncontrolled 
accumulation
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4.1 Persona, memory, and skills

Agent persona files define who is serving whom, in what role, and under what 
interactional principles. A user profile specifies the addressee and collaboration context; 
an identity file specifies the agent’s operational role; a value or “soul” file specifies 
preferred norms, boundaries, and interactional style. These files are not merely 
decorative. They function as durable speech acts that establish roles, obligations, and 
expectations across sessions.

Memory files define how an agent preserves context. They convert interactional 
history into reusable, compressed, and inspectable records. This is linguistically 
significant because memory is not simply storage. It is selection, summarization, 
framing, and forgetting. A memory entry may stabilize a preference, carry forward 
a project decision, or contaminate future reasoning if an unverified hypothesis is stored 
as fact. Memory management is therefore a discourse problem as well as an engineering 
problem.

Skill files define procedural competence. A skill is not simply a tool; it is a 
language-mediated routine that specifies when a capability should be invoked, what 
steps should be followed, and how the result should be checked. Skill invocation is 
consequently a pragmatic problem: the system must map an utterance to an intention, 
then map that intention to an appropriate procedure. This process resembles the 
movement from utterance to illocutionary force in human communication.

4.2 Handoff, critique, and repair

Multi-agent systems make coordination visible. A planner may decompose a task, an 
executor may use tools, a verifier may check results, a memory manager may update 
state, and a domain expert may supply specialized knowledge. Such systems succeed 
only when language specifies who is responsible for what, what counts as completion, 
what information must be passed forward, and how disagreements are resolved.

Handoff protocols are especially important. A vague handoff such as “continue 
from here” may be intelligible to a human colleague in a shared office, but it is often 
insufficient for an agent. A robust handoff should include the task goal, current state, 
completed steps, unresolved issues, assumptions, evidence, tool outputs, and 
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recommended next action. In this sense, the handoff document is a genre: a 
conventionalized linguistic form designed to preserve coordination across distributed 
actors (on common ground and joint action, Clark 1996).

Critique and repair are equally linguistic. In human conversation, repair 
mechanisms allow speakers to correct misunderstanding, request clarification, and 
revise commitments (Sacks et al. 1974; Schegloff et al. 1977). In agent systems, repair 
must often be engineered explicitly. The system should know when to ask a clarifying 
question, when to stop an unsafe action, when to escalate to a human, and when 
to revise a plan after tool feedback. Without such mechanisms, agents may transform 
minor ambiguities into consequential errors.

4.3 Governance as a linguistic layer

Governance files and policies define what an agent is permitted to do. They specify 
tool permissions, approval thresholds, risk categories, logging requirements, and 
escalation procedures. From a linguistic perspective, such governance documents are 
not peripheral. They are a normative layer of language that constrains action. They 
tell agents not merely what they can do, but what they may do, must do, and must 
not do.

This distinction clarifies the relationship between skills, tools, and governance. A 
skill defines “how to do something”; a tool defines “what can be used”; governance 
defines “under what conditions action is authorized.” Confusing these layers leads 
to fragile systems. A capable agent with poorly specified governance may act too freely; 
a heavily governed agent without clear skills may refuse or stall; an agent with tools 
but no pragmatic invocation rules may use the right function at the wrong time.

Agentic orchestration is thus best understood as a layered linguistic system: role 
language defines institutional identity, task language decomposes goals, handoff 
language coordinates work, critique language enables evaluation, memory language 
sustains continuity, and governance language regulates action. These layers can be 
viewed from two complementary angles. Figure 1 presents the functional layers that 
an agent coordinates through language, with language itself as the semiotic mediating 
layer at the center. Figure 2 situates the same activity within the nested scopes of 
agent engineering: from the innermost single utterance (prompt engineering) outward 
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through the assembly of context (context engineering), the packaging of reusable 
procedures (skill engineering), the wiring of tools, permissions, and control flow 
(harness engineering), and finally the multi-turn process in which behavior is evaluated 
and repaired (loop engineering). Each scope operates on the same medium - a flow 
of language - so that designing an agent is, at every level, a form of language 
engineering.

Figure 1. Language as the semiotic mediating layer of an agent system. Seven functional 
layers - identity, memory, cultural values, planning and coordination, skills and ontology, 
critique and evaluation, and governance and safety - are coordinated through language, 

grouped into three strata: Self and representation, action and capability, and governance and 
evaluation



332  Shu-Kai Hsieh

Figure 2. Agent engineering as nested linguistic scopes. From the innermost single utterance 
(prompt engineering) outward: Context engineering assembles what enters the window; skill 
engineering packages reusable procedures; harness engineering wires tools, permissions, and 
control flow; and loop engineering governs multi-turn evaluation and repair. All five scopes 

operate on a single medium - the flow of language

5. Semantic geometry and typology-aware evaluation

The preceding sections have focused on language as action and coordination. A 
complementary question concerns representation and its profound implications on 
the explainability of AI: what is the structure of the meaning space over which prompts, 
instructions, and agentic procedures operate? Distributional semantics has long argued 
that meaning emerges from patterns of use (Firth 1957; Boleda 2020; Lenci and 
Sahlgren 2023). Neural language models extend this idea by embedding linguistic units 
into high-dimensional spaces, where semantic relations are partially reflected in 
distances, directions, neighborhoods, and trajectories (Reif et al. 2019).

However, meaning is not only similarity. Human lexical and conceptual systems 
also contain hierarchy, inclusion, asymmetry, metaphorical projection, cultural 
categorization, and typological variation. For example, purely flat representations may 
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be insufficient. Work on hyperbolic and Poincare embeddings has shown that 
negatively curved spaces can better represent hierarchical semantic structures such 
as WordNet-like taxonomies (Nickel and Kiela 2017; Ku et al. 2026). Building on 
this line of work, our own research models culturally embedded semantic fields as 
structured manifolds rather than flat vector spaces, taking the diachronic development 
of Chinese qíng 情 (“affect, emotion, situation”) as a case study, showing that 
lexicalization and conceptual extension trace measurable trajectories through a curved 
semantic space whose local geometry encodes these shifts (Hsieh, in preparation; cf. 
Figure 3). Such results suggest that semantic geometry is not arbitrary: different 
linguistic relations may require different geometric assumptions.

Beyond the static geometry of embedding spaces, the depth at which meaning 
is resolved is itself linguistically structured. Analyzing nonliteral language across all 
layers of a large model with sparse autoencoders, Yeh et al. (2026) report a lexical 
familiarity gradient: entrenched multi-word units (idioms) diverge immediately at the 
first layer, expressions built from individually familiar words (metaphor and 
semantic-shift slang) are reanalyzed in a narrow early-layer band, and novel forms 
(neologisms) require deep-layer construction and roughly three times as many 
representational features. Processing depth thus tracks degrees of entrenchment rather 
than figurative category - a mechanistic counterpart to usage-based accounts in which 
lexicalization is a matter of degree. The same study cautions that raw 
sparse-autoencoder feature counts are confounded by layer-wise activation density, 
a reminder that interpretability metrics, like linguistic evaluation more generally, 
require properly matched baselines.
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Figure 3. A manifold-style representation of qing as a culturally embedded semantic field

This semantic-geometry point is relevant to agentic AI because prompts and 
instructions operate over geometric representational space. A directive such as 
“summarize cautiously,” a vague expression such as “a little closer,” or a governance 
instruction such as “ask before performing irreversible actions” does not merely add 
textual content. It reshapes the region of possible interpretations and actions. 
Pragmatics, in this sense, can be seen as dynamic movement over semantic geometry.

In terms of explainable evaluation, I argue that linguistic typology provides a 
principled way to probe whether such geometric representations are linguistically 
adequate. Unlike generic benchmark tasks, typological evaluation can systematically 
vary phonological, morphological, syntactic, semantic, and discourse properties across 
languages. It asks not only whether a model can produce the right answer, but whether 
its internal structure can support generalization across unfamiliar linguistic systems.

This is the motivation behind linguistically informed benchmarks such as 
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LOBSTER (Lian et al. 2025), which evaluate structured reasoning over problems 
inspired by the International Linguistics Olympiad. Such tasks are valuable because 
they cannot be solved by surface pattern matching alone. They require the induction 
of latent rules, the comparison of unfamiliar forms, the construction of intermediate 
representations, and the evaluation of reasoning quality. A final answer may be correct 
by accident; a rule-based explanation reveals more about the model’s linguistic 
competence.

From the present perspective, reasoning can be interpreted as a trajectory through 
semantic and structural space. Good reasoning follows a coherent path through 
relevant constraints; poor reasoning jumps across incompatible regions, ignores 
necessary distinctions, or collapses multiple possible structures into a convenient but 
false solution. Iterative reasoning and multi-agent critique can improve performance 
because they explore, refine, and verify multiple trajectories (Yao et al. 2023). 
Typological diversity is therefore not merely an issue of fairness or coverage, although 
it is certainly both. It is also a scientific instrument. It allows researchers to test where 
model geometry is dense, where it is distorted, where it transfers across languages, 
and where it fails. This matters especially for low-resource languages, non-alphabetic 
scripts, rich morphology, discourse particles, honorific systems, evidentiality 
(Aikhenvald 2004), and culturally embedded semantic categories.

The broader implication is that evaluation should move from accuracy alone 
toward structure-sensitive diagnostics. Such diagnostics may include typological 
balance, rule-quality assessment, representational neighborhood analysis, 
curvature-sensitive measures, trajectory evaluation, and discourse-level robustness. 
These measures are not replacements for task performance, but they provide a deeper 
account of why a system succeeds or fails.

In this way, typology and semantic geometry form a bridge between linguistics 
and AI evaluation. Typology supplies the empirical diversity of human language; 
geometry supplies a formal vocabulary for representational structure; agentic 
orchestration supplies the action-oriented setting in which language is used to 
coordinate behavior. The three perspectives together make it possible to study language 
models not merely as text predictors, but as dynamic systems of meaning, action, 
and coordination.
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6. Implications for linguistics and AI

The framework proposed here has several implications. First, it suggests that 
pragmatics should move closer to the center of AI research. Many critical failures 
in agent systems are not failures of grammaticality or lexical meaning. They are failures 
of deixis, presupposition, implicature, repair, authorization, commitment, and genre 
expectation. These are precisely the domains in which linguistic pragmatics and 
discourse analysis have long-standing expertise.

Second, it suggests that language resources should be redesigned for agentic 
environments. Lexicons, ontologies, WordNets, corpora, typological databases, and 
discourse annotations can all become more than background data. They can serve 
as tools for shaping semantic geometry, grounding multilingual evaluation, defining 
skills, supporting repair, and making agent behavior more inspectable.

Third, it highlights the emergence of new genres in human-agent and agent-agent 
communication. Prompts, system instructions, skill files, memory notes, tool schemas, 
agent handoffs, safety policies, and model-generated critiques are not traditional 
genres, but they are now consequential communicative forms. They deserve linguistic 
description. Their conventions, failure modes, register variation, and institutional 
consequences should become objects of study.

Fourth, it reframes AI safety and governance as partly linguistic problems. Safer 
systems require not only better models, but also clearer instructions, better repair 
protocols, explicit permission structures, auditable memory, robust handoff 
conventions, and evaluation methods sensitive to pragmatic transformation. 
Robustness to non-standard language is one concrete instance: mechanistic analysis 
shows that the depth at which a model resolves nonliteral expressions is governed 
by lexical familiarity rather than figurative type, so novel vocabulary demands 
qualitatively deeper processing and substantially more representational resources than 
entrenched forms (Yeh et al. 2026). In this sense, language is not merely a surface 
channel through which AI systems communicate. It is one of the principal media 
through which they are governed.
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7. Conclusion

This article has argued that agentic AI requires an expanded linguistic framework. 
Language in contemporary AI systems is not only a symbolic system for representing 
meaning. It is also an interface for action, a medium for memory, a structure in 
representational geometry, and a coordination protocol for distributed intelligence.

This framework brings together several strands of linguistic theory. Speech act 
theory helps us understand prompting and tool use as actions. Pragmatics explains 
why ambiguity, presupposition, deixis, repair, and felicity conditions are central to 
reliable agent behavior. Distributional and geometric semantics help us interpret 
model-internal meaning spaces. Typology provides a principled way to evaluate 
whether those spaces capture the diversity and structure of human languages. 
Discourse analysis and genre theory help us study new communicative forms emerging 
in human-agent and agent-agent interaction.

The practical conclusion is equally important. As AI systems become more agentic, 
the human role will increasingly involve defining problems, specifying norms, 
designing workflows, writing instructions, managing memory, reviewing outputs, and 
constructing environments in which agents can coordinate safely. These tasks are all 
deeply linguistic. Linguistics, therefore, should not be treated as a peripheral 
humanities discipline in the age of AI. It should be recognized as a central language 
information science for understanding, designing, and evaluating intelligent systems.
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