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Abstract

Instruction-tuning fundamentally transforms how language models process linguistic input and interact with the
user. Through the lens of speech act theory, we investigate whether instruction-tuning causes models to shift from
prioritizing syntactical form to pragmatic intent. We create a controlled dataset of 400 sentences systematically
varying along two dimensions: syntactical structure (declarative vs. interrogative) and communicative intent
(assertive vs. request). Using Principal Component Analysis on hidden state representations from Qwen2.5
(1.5B-7B) and models from two other families (Gemma3-1B, and Llama3.2-3B), we reveal a consistent pattern:
base models cluster sentences by syntactical form, while instruction-tuned models reorganize representations
around pragmatic intent. This syntactic-to-pragmatic shift occurs in middle layers, with declarative requests
and interrogative requests—maximally separated in base models—becoming the most similar categories after
instruction-tuning. The phenomenon explains how instruction-tuned models correctly interpret indirect speech acts,
treating polite declaratives like “I'd appreciate corrections" as functionally equivalent to direct interrogatives. Our
findings demonstrate that instruction-tuning teaches models to prioritize the communicative dimension over surface

form, a fundamental reorganization consistent across model scales and architectures.
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1. Introduction

Speech acts are actions performed through lan-
guage (Searle, 1969). Depending on the commu-
nicative intent of the speaker uttering its words in
some linguistic form, it can perform different types
of actions. For instance, an assertive speech act
commits the speaker to what it is has been said
(e.g., The door is on the right), while a directive
speech act is a request for an action/information
(e.g., Could you tell me the capital of Italy?). The
English language has different syntactical cate-
gories to express these speech acts: declara-
tives, interrogatives, exclamatives and imperative
among others. Each syntactical type is character-
istically used to perform a specific kind of speech
act. Declaratives, for instance, tend to express
assertives (statements), whereas interrogatives re-
quest for information. However, this correlation is
not perfect and misalignments between surface
form and communicative intent give rise to indirect
speech acts. Declarative sentences like the follow-
ing are interpreted as polite requests in speech acts
theory:

| would appreciate it if you could tell me the capital
of Italy.

Similarly, rhetorical questions have the form of
interrogatives but are equivalent to assertives for
the communicative intent:

Who would be against peace?
(= Nobody is against peace)

Transformer-based Language Models (LMs) rep-
resent a huge step towards machines capable of re-

producing human language. Since their first steps
(Devlin et al., 2019; Radford et al., 2019), they
demonstrated robust understanding of different
linguistic phenomena from pre-training (Warstadt
et al., 2020). However, it is due to instruction-tuning
that LMs have found their path to undisputed suc-
cess in language applications (Brown et al., 2020).
In pre-training, LMs statistically learns how lan-
guage sequences are structured and how to com-
plete prompts with tokens in line with the rules of
grammar (approximately morphology, syntax and
semantics). After this, instruction-tuning (Ouyang
et al., 2022) is the fine-tuning phase where LMs
statistically learn how not only to complete a sen-
tence but also to fulfil the intent of the user involved
in the conversation (pragmatics). In other words,
they learn to communicate. Since humans com-
municate with language technology mostly to solve
tasks, by design the training focuses on a specific
type of directive speech acts, i.e., instructions.

Through the lens of direct and indirect speech
acts, our research question to investigate
instruction-tuning in LMs is the following:

RQ: Does a pragmatic dimension emerge from
Instruction-Tuning in LMs and where?

2. Related Works

Having LMs demonstrated near-saturating perfor-
mances on formal language tasks, new interest
for pragmatics is emerging in the NLP community
(Ma et al., 2025) and beyond (Gubelmann, 2024).
During instruction-tuning LMs learn to encode and
satisfy the user intent, thus most NLP studies look
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for pragmatic abilities comparing base and instruct
versions of the same LM (Wu et al., 2024; He et al.,
2025). Zhao et al. (2024), among them, observe
that first LMs’ layers tend to be similar between the
base and the instruct models, encoding general
syntactic abilities. In middle and final layers, how-
ever, the instructed LMs’ representations appear to
be more focused on the task to perform.

A recent line of NLP studies identify linear con-
cepts in LMs’ latent space (Marks and Tegmark,
2024). With a focus on instruction-tuning, Heo et al.
(2025) observes how LMs internally know when
they are successfully following an instruction, high-
lighting the role of prompt engineering. Stolfo et al.
(2025) extracts instructional steering vectors, show-
ing their effectiveness and demonstrating these
can be transferred from instruction-tuned models
to base models.

3. Experiment

3.1. Dataset and Models

This study hypothesises that base LMs are fo-
cused on the surface (syntactical) form of input
sequences, whereas instruct LMs on the commu-
nicative (i.e., pragmatic) intent behind this linguistic
form. To test this hypothesis, we create a dataset
where each data point is distinguishable accord-
ing to both syntactical and pragmatic dimensions.
The resulting dataset would allow us to understand
which dimension is prioritised by the model before
and after instruction-tuning. Regarding syntacti-
cal form, this analysis is limited to declarative and
interrogative sentences; regarding the intent, to
statements and requests.

The first step is the creation of a seed of in-
structions, distributed across 10 tasks: part-of-
speech tagging, translation, arithmetic and count-
ing operations, paraphrasing and simplification,
phonetic analysis (e.g., list vowels), text sum-
marisation, spelling correction, word relations
(e.g., syonyms/antonyms), format conversion (e.g.,
JSON, XML, etc.), and concept explanation. For
each task, 10 sentences are created following the
same biclausal structure: one clause for the in-
struction (e.g., 'Translate in ltalian’), and one for
the object of the instruction (e.g., the sentence to
translate). Secondly, these instructions are modi-
fied in two directions: syntactical form, resulting in
declarative and interrogative sentences, and com-
municative intent, resulting in requests or state-
ments. The resulting total of 400 sentences falls
into these four categories: declaratives with request
intent and declaratives with assertive intent; inter-
rogatives with request intent and interrogatives with
assertive intent. An example of the configuration
is reported in Table 1. The two steps for dataset

Assertive Request

Finding the nouns
in ‘The  teacher
explained difficult
concepts’ would be
beneficial

Declarative

Could you extract
the nouns from ‘The
teacher explained
difficult concepts’?

Interrogative|

Table 1: Syntactical Forms and Speech Acts.
From the instruction ‘Extract the nouns from ‘The
teacher explained difficult concepts” are derived
one declarative and one interrogative with assertive
intent; and one assertive and one requests.

creation are performed by Claude Opus 4.1, with
manual supervision to ensure syntactic diversity
among the same-group sentences and clarity in
the communicative intent.

The reference model for this study is Qwen2.5,
with parameters ranging from 1.5B to 7B. Along this
model, Gemma-3-1B and Llama3.2-3B are tested.
For all these models, both the base and the in-
structed versions are analysed.

3.2. Method

To test our hypothesis about base LMs focusing
on the syntactical level and instruct LMs on the
pragmatical one, we need to extract and visualise
meaningful representations for each sentence of
our dataset.

As model representations, we extract hidden
states for the final token position of each sequence,
encoding the contextual representation of the entire
sequence (Marks and Tegmark, 2024; Bertolazzi
et al.,, 2025). To find emergent dimensions of varia-
tion between the two models, we applied Principal
Component Analysis (PCA) on the hidden states.
The hidden states for all four classes of sentences
are fitted in the PCA transformation jointly, ensur-
ing the resulting 2D projections capture the primary
axes of variation. This procedure is performed layer
by layer, allowing for tracking the emergence of the
clusters. As a proxy of similarity between groups of
sentences, we employ the centroid distance among
sentence groups: high values mean the groups are
clearly distinct in LMs’ representations. The cen-
troid distance between classes with different syn-
tactical structures (declaratives vs interrogatives)
measures the relevance of the syntactic dimension;
the distance between classes with different prag-
matic intents (assertive vs requests) measures the
relevance of the pragmatic dimension.
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4. Results

The results for Qwen2.5-7B are reported in Figure
1. The 2D PCA plot for the base model (on the left)
shows two clusters driven by the syntactic dimen-
sions of the sentences, meaning the model may
lack the ability to differentiate sentences accord-
ing to their communicative intent (i.e., pragmatic
understanding). For the instruction-tuned model
(PCA on the right) the distinction follows the com-
municative intent of the sequences: instruction-
tuning teaches the model to prioritise the commu-
nicative intent over syntactical distinctions. It is
worth noting that the groups declarative_request vs.
interrogative_request, the most separated groups
in the base model, become the most similar after
instruction-tuning (65% absolute reduction in terms
of centroid distance). This result explains how the
instruction-tuned model correctly interprets indirect
speech acts: declaratives like I'd appreciate correc-
tions for ‘seperate’ are interpreted as pragmatically
equivalent interrogatives (Can you correct ‘seper-
ate’?), triggering a helpful response despite the
syntactical difference.

In terms of absolute centroid distance, the syn-
tactical clusters in the base model are linearly sep-
arable (mean centroid distance 196.4), while the
groups in the instruction-tuned models are closer
in the 2D space (lower mean of 121.1). This could
lead the instruct model to misinterpret assertives
as requests. Answering rhetorical questions is a
phenomenon that could, indeed, be observed even
in large proprietary models.

Figure 2 reports the centroid distance accord-
ing to the syntactic and pragmatic dimensions
for Qwen2.5-7B. In the base model, the syntac-
tic dimension accounts for more variance than the
pragmatic dimension, whereas this relationship re-
verses in the instruction-tuned model (pragmatic
> syntax). The same (normalised) relative cen-
troid distance is used to track the transition to prag-
matic dominance over the syntactic dimension in
instruct models. Fig. 3 shows the crossover from
the syntactical to the pragmatic dimension happen-
ing around layer 16 (Qwen2.5-7B-Instruct). This is
in line with both linguistic theory, where syntax pre-
cedes pragmatic interpretation, and the multi-task
abilities of instructed-LM by Zhao et al. (2024).

The observations reported hold for the other
models in this analysis. The core insight—that
instruction-tuning teaches models to prioritise com-
municative intent over syntactic form—is a consis-
tent phenomenon across different Qwen2.5 model
sizes (1.5B, 3B and 7B), as illustrated by Figure 4,
and different models’ families, as in Figure 5.

5. Conclusion

This work focuses on the high-level proper-
ties emerging from instruction-tuning, inspected
through the lens of models’ internal representations.
We observe a clear pattern on how instruction-
tuning modify inputs processing: before instruction-
tuning, models prioritise the syntactical form of the
input sequences; after instruction-tuning, LMs fo-
cus on the pragmatical intent under this surface
form. This finding is confirmed across different
models’ sizes and families. Furthermore, we lo-
calise this change as occurring in middle layers
of the LMs, in line with the hierarchial organisa-
tion of human language processing, where syntax
procede the pragmatic understanding.
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Figure 1: PCA on Qwen2.5-7B on the last layer for Base (left) vs Instruction-tuned (right) model on
our dataset. Base model: interrogatives on the left and declaratives on the right. IT model: on the left
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and Pragmatics for the last layer of Qwen2.5-7B.
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Figure 4: PCA on Qwen2.5 with different parameters: the switch from prioritising the syntactical
dimension to the pragmatic dimension after instruction-tuning is confirmed across different Qwen2.5 1.5B,
3B and 7B.
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Figure 5: PCA on different models’ families. For Gemma3-1B and Llama3.2-3B, it is possible to
observe the syntactic dimension dominating the base model’s representations, and the pragmatic one the
instruction-tuned version.
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