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Abstract
This paper reviews studies evaluating the linguistic performance of large language models (LLMs), focusing on
how they process and represent linguistic properties. We explore methods like probing classifiers and Iterative
Nullspace Projection (INLP) to assess whether LLMs actively use encoded knowledge during inference, and
how shifting representations can help evaluate model performance. We report findings showing that LLMs can
encode formal properties, such as syntax and morphology, but are less proficient with functional phenomena
like semantics, with monolingual models outperforming multilingual ones. We also highlight gaps in current
evaluations, such as the limited testing of recent large models on a small set of tasks [1]. We suggest that future
research could integrate different perspectives of what linguistic competence is.
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1. Introduction

State-of-the-art Large Language Models (LLMs) have demonstrated an extraordinary ability to generate
human-like text. Their fluency suggests that they do more than just predict the next word based
on surface-level patterns observed during training. Instead, these models appear to capture deeper,
more abstract linguistic properties, enabling them to construct grammatically correct and contextually
appropriate sentences. However, the precise nature of these learned representations remains an open
question. Researchers in the field of Explainable AI (XAI) have been actively investigating which
linguistic properties LLMs encode, how they use them, and whether these properties are merely
incidental patterns or core components of their reasoning process.

One fundamental observation is that LLMs go beyond simple word association. If a model merely
memorized sequences of words, it would struggle to generalize grammatical rules to new contexts.
However, research suggests that LLMs implicitly learn various linguistic structures that guide their
predictions. For example, models can often correctly conjugate verbs according to the subject of the
sentence, a phenomenon known as subject-verb agreement. Consider the sentence:

(1) The cat that chased the dog is sleeping.

Even though the noun “dog” is closer to the verb “is sleeping”, the model correctly associates “is
sleeping” with “cat”, demonstrating an understanding of syntactic dependencies rather than relying
solely on proximity.

XAI research has explored which linguistic properties LLMs encode and how this information is
structured within their internal components. In particular, researchers have investigated whether
specific neurons or layers store linguistic knowledge and how this knowledge contributes to the model’s
behavior. Identifying where particular information is stored is valuable for various applications, such
as controlling the model’s output [2] or reducing model size by retaining only its most important
components [3, 4]. By analyzing internal representations—either through embeddings or neuron
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activations—researchers have found evidence that LLMs capture linguistic phenomena in structured
ways.

In this work, we present a comprehensive literature review of state-of-the-art methods for investigat-
ing whether large language models (LLMs) encode knowledge of various linguistic properties. We begin
by formalizing the types of language models under consideration, as well as the linguistic phenomena
that can be analyzed. We then examine existing research on how LLMs represent linguistic information
within their internal layers, with a focus on studies that employ probing classifiers to uncover specific
linguistic features. Additionally, we explore approaches for evaluating whether the linguistic informa-
tion present in a model is actually utilized during inference. Finally, we synthesize empirical findings
from the literature, highlighting key results and validating the discussed methodologies.

The paper is structured as follows: Section 2 introduces the notation that will be used to explain
key concepts; Section 3 presents examples of the linguistic properties that can be analyzed in LLMs;
Section 4 describes probing classifiers as a methodology for interpreting and analyzing the internal
representations of LLMs; Section 5 discusses methods for evaluating whether a LLM encodes specific
linguistic phenomena in its hidden representations. It also introduces Iterative Nullspace Projection
(INLP) as amethod for selectively identifying and removing specific features fromhidden representations;
Section 6 summarizes key insights regarding the linguistic competence of language models. It also
explores how language models’ ability to learn and encode linguistic properties varies when considering
different languages, particularly in the context of multilingual versus monolingual models; Section 7
concludes the paper.

2. Language models

In this section, we introduce the notation that will be used to refer to LLMs throughout the rest of the
paper.

Letℳ be a LLM with 𝐿 hidden layers, each containing 𝑁 neurons. Each neuron in layer 𝑙 ∈ {1, … , 𝐿} is
connected to neurons in layer 𝑙 + 1 through weighted connections with biases. ℳ refers to a LLM with
any architecture, including LSTM, RNN, or Transformer. Let W(𝑙) ∈ ℝ𝑁×𝑁 be the weight matrix storing
the connection weights between neurons in layer 𝑙𝑖 and those in layer 𝑙𝑖+1. Similarly, let b(𝑙) ∈ ℝ𝑁 be the
bias vector associated with layer 𝑙. The model ℳ processes an input sequence represented as a matrix
X ∈ ℝ𝑆×𝑉, where 𝑆 is the sequence length and 𝑉 is the vocabulary size. Each row of X corresponds to a
one-hot encoded representation of a token from the input string.

As the input propagates through the model, it is transformed into a series of latent representations.
Specifically, at each layer 𝑙 ∈ {1, … , 𝐿}, the model computes a hidden representation H(𝑙) ∈ ℝ𝑆×𝑁, where
each row corresponds to a transformed token embedding in a latent space of dimension 𝑁. We denote
by ℎ(𝑙)𝑖𝑗 the activation of the 𝑗-th neuron at the 𝑙-th layer for the 𝑖-th token in the sequence.

Finally, the model generates an output matrix Y ∈ ℝ𝑆×𝑉, where each row y𝑠 represents a probability
distribution over the vocabulary, indicating the likelihood of each token being the next in the sequence
at position 𝑠. The final row, y𝑆, corresponds to the probability distribution for the next token following
the last input token. This output distribution is obtained by applying a final linear transformation to
the last hidden representation, followed by a softmax function.

During decoding, the next token is typically selected by choosing the most probable token from y𝑆,
or by sampling from the distribution, depending on the inference strategy used.

Table 1 summarizes the notation discussed in this section.

3. Linguistic properties

In this section, we present examples of the linguistic properties that can be analyzed in LLMs. Prior
work, such as [1, 5], categorizes these properties into two broad types: formal and functional linguistic
phenomena.



Table 1
Summary of notation used in the paper.

Notation Description
ℳ LLM (e.g. LSTM, Transformer)
𝐿 Number of hidden layers in ℳ
𝑁 Number of neurons per layer
𝑆 Sequence length (number of tokens in input)
𝑉 Vocabulary size

X ∈ ℝ𝑆×𝑉 Input sequence as a matrix (one-hot encoded tokens)
W(𝑙) ∈ ℝ𝑁×𝑁 Weight matrix connecting layer 𝑙 to layer 𝑙 + 1
b(𝑙) ∈ ℝ𝑁 Bias vector for layer 𝑙
H(𝑙) ∈ ℝ𝑆×𝑁 Hidden representation at layer 𝑙

ℎ(𝑙)𝑖𝑗 Activation of neuron 𝑗 at layer 𝑙 for token 𝑖
Y ∈ ℝ𝑆×𝑉 Output matrix (probability distributions over vocabulary)

y𝑠 Probability distribution over the vocabulary for position 𝑠
y𝑆 Probability distribution for the next token after the last input token

Table 2
Table from [1]. Examples of different linguistic phenomena and their corresponding labels. The relevant
part of the example for the specific label is underlined.

Type Phenomena Example Label

Morphology Subject-Verb Agreement
And then, the cucumber was hurled
into the air.

Correct

And then, the cucumber were
hurled into the air.

Wrong

Syntax Part-of-Speech And then, the cucumber was hurled
into the air.

NN (Noun Singular)

Semantic Semantic Roles And then, the cucumber was hurled
into the air.

Direction

Reasoning Negation And then, the cucumber was hurled
into the air.

No Negation

Discourse Node Type in Rhetorical Tree And then, the cucumberwas hurled
into the air.

Satellite

Formal linguistic phenomena refer to the structural aspects of language. Morphology deals with
the internal structure of words, including rules governing word formation, inflection (e.g., plural-
ization, verb conjugation), and derivation. Syntax studies the arrangement of words and phrases to
form grammatically correct sentences, including subject-verb agreement, word order, and syntactic
dependencies.

Functional linguistic phenomena relate to how language conveys meaning and is used in commu-
nication. Semantics analyzes the meaning of words and sentences, including word sense disambiguation
and compositional meaning. Reasoning explores the ability to perform logical inferences, including
handling negation, speculation, and deductive reasoning. Discourse focuses on the structure and coher-
ence of text beyond the sentence level, such as understanding rhetorical relations, reference resolution,
and text cohesion.

Formally, we define the set of all possible linguistic properties as 𝒯 = {𝑡1, … , 𝑡𝑇}, where each property
𝑡𝑖 ∈ 𝒯 is associated with a set of possible values or labels y(𝑡𝑖). For instance, consider the linguistic prop-
erty of subject-verb agreement: this phenomena can take two possible values: {correct, incorrect},
indicating whether the verb is correctly conjugated to match its corresponding subject. Additional
examples of linguistic properties and their respective labels can be found in Table 2.



4. Probing classifiers

Probing classifiers represent a powerful methodology for detecting linguistic knowledge in internal
representations of LLMs. The core idea behind probing is to train an external classifier to predict a
specific linguistic property based on the representations extracted from the model [6, 7, 8, 9, 10].

Formally, a probing classifier can be defined as a function 𝑝 ∶ H(𝑙) → y(𝑡𝑖), which maps a hidden
representation H(𝑙) from layer 𝑙 to a label y(𝑡𝑖) associated with a linguistic property 𝑡𝑖. The classifier’s
weights 𝜃 are trained on an annotated dataset, where the inputs consist of hidden representations
extracted from the LLM, and the outputs are labels corresponding to a specific linguistic phenomena.
The performance of 𝑝 provides insight into how well the internal representations encode the target
property. If a probe 𝑝 successfully predicts the property (achieving high accuracy), it suggests that the
linguistic feature in question is encoded within the model’s hidden states. Conversely, if the probe fails,
this may indicate that the information is either absent or not accessible in the given representation.

To illustrate, consider the task of subject-verb agreement—a fundamental grammatical rule in many
languages. A probing classifier can be trained to predict whether a verb correctly agrees in number
with its subject based on the hidden states of an LLM. Suppose we extract the representation H(𝑙) from
a given layer of the model while processing sentence 1: “The cat that chased the dogs is sleeping.” The
correct verb form is must agree with the singular subject cat, despite the presence of the plural noun
dogs intervening between them. A well-trained probe should be able to infer that the subject is singular
based on H(𝑙) and correctly predict this agreement pattern. If the probe achieves high accuracy across
various test cases, this suggests that the LLM’s internal representations contain information about
subject-verb agreement. However, if the probe struggles to distinguish correct from incorrect verb
forms, it may imply that this grammatical rule is not explicitly encoded in the model’s representations
or is only accessible in a more complex, non-linear manner.

Probing classifiers have been used extensively to investigate a variety of linguistic properties, includ-
ing syntactic structures and part-of-speech information. For instance, previous studies have shown
that linear transformations of LLM representations can encode syntax tree structures [9, 7] and part-
of-speech tags [8]. Specifically, in cases like those mentioned, where the probing classifier is trained
as a linear classifier, it can be inferred that the information it learns is also represented linearly in the
model. By systematically applying probes to different layers and architectures, researchers can gain
deeper insights into how linguistic information is distributed within LLMs and how different levels of
abstraction are captured across layers.

In the following sections (4.1 and 4.2), we illustrate how LLMs’ internal representations can be used
to train a probing classifier for detecting and localizing linguistic properties.

4.1. Probing linguistic properties via embeddings

One way to analyze the linguistic knowledge stored in an LLM is by evaluating its internal representa-
tions, specifically the embeddings produced at different layers. This approach considers all neurons in a
layer collectively, working with the hidden representation h(𝑙)𝑖 rather than isolating the contribution of
individual neurons. This analysis does not attempt to pinpoint where linguistic information is stored
but instead assesses whether the model encodes specific linguistic properties at all.

A common method involves extracting the latent representations of tokens from the last layer of
the network, H(𝐿), and using them as input to probing classifiers. These classifiers are trained to
predict linguistic features from the embeddings, providing insight into the extent to which the model
ℳ captures syntactic or semantic information [6, 7, 8, 9, 10].

4.2. Neuron ranking

To go beyond embedding-level analysis, some studies focus on ranking individual neurons based on
their relevance to a specific linguistic property. Instead of treating the entire hidden representation as a



single feature vector, this method evaluates the contribution of individual neurons by analyzing their
activations and how they influence external classifiers.

This approach involves training a probing classifier to predict a linguistic feature while using neuron
activations as input features. By examining how much each neuron contributes to the classifier’s
prediction, researchers can rank neurons according to their importance. If this ranking is meaningful,
we should be able to retain only the top-𝑘 neurons and still achieve high accuracy with the probe. If
the probe maintains strong performance using only a small subset of neurons, this indicates that the
ranking effectively identifies the most informative neurons [11, 12, 13].

Focusing on linear probes, Dalvi et al. [11] propose training a linear classifier to classify the values y(𝑡𝑖)
of a linguistic property 𝑡𝑖 (e.g., subject-verb agreement, part-of-speech tagging, morphological analysis,
or semantic tagging). The importance of a neuron for classifying 𝑡𝑖 can be inferred from the magnitude
of its associated classifier weight. Specifically, to rank neurons by their relevance, the authors extract
the weight vector 𝜃 ∈ ℝ𝑁 from the trained probe and sort its elements by absolute value in descending
order.

By ranking neurons, [11, 12, 13] have demonstrated that linguistic knowledge is distributed across
neurons, though not uniformly. Instead, it is often concentrated in a subset of highly ranked neurons,
rather than being evenly spread across all neurons in the model. This finding supports the idea that
some neurons specialize in encoding specific linguistic properties, making it possible to extract and
interpret this information with targeted analysis.

5. Assessing and controlling the usage of linguistic features in LLMs

So far, we have discussed methods for evaluating whether a LLM encodes specific linguistic phenomena
in its hidden representations. However, probing classifiers and similar analysis techniques primarily
reveal whether linguistic properties are present in the model’s internal representations—they do not
indicate whether and how these properties are actually used during inference [14].

To determine whether an LLM actively uses a certain linguistic property during inference and to
modify the model’s behavior accordingly, Iterative Nullspace Projection (INLP) [15] provides a method
for selectively identifying and removing specific features from hidden representations. In the original
paper, the authors successfully identified gender information encoded in the model’s contextual repre-
sentations. By removing this information, they observed that the model’s predictions were no longer
biased, indicating that the original model had indeed relied on gender-related features in its hidden
representations.

Formally, let h(𝑙)𝑖 ∈ ℝ𝑁 be the hidden representation of the 𝑖-th token in the input sequence at layer
𝑙, and let y(𝑡𝑖) represent the corresponding value of a linguistic property 𝑡𝑖. Following [15], consider
gender as an example of such a linguistic property, where y(𝑡𝑖) can take values from {male, female}.
The objective is to find a transformation 𝑔 ∶ ℝ𝑁 → ℝ𝑁 such that the transformed representation 𝑔(h(𝑙)𝑖 )
no longer encodes information about 𝑡𝑖. In other words, after applying 𝑔(⋅), it should not be possible to
predict 𝑡𝑖 from the transformed representation.

At the same time, 𝑔(h(𝑙)𝑖 ) should preserve as much other information as possible to avoid degrading
the overall performance of the language model. For instance, in the case of gender bias removal, the
transformed representation 𝑔(h(𝑙)𝑖 ) should still be useful for the original task (e.g., text generation or
classification) but should no longer encode gender-related information.

To construct such a transformation 𝑔(⋅), the authors first train a linear probing classifier 𝑝 to predict
the linguistic property 𝑡𝑖 from the hidden representations. This classifier has an associated weight vector
𝜃 ∈ ℝ𝑁, which captures the most predictive direction for 𝑡𝑖 in the representation space. This weight
vector is used to construct a projection matrix P ∈ ℝ𝑁×𝑁 such that: 𝜃⊤(Ph(𝑙)𝑖 ) = 0, ∀𝑖. This ensures that
the transformed representation Ph(𝑙)𝑖 lies in the null space of 𝜃, effectively removing the information
related to 𝑡𝑖.

The projection matrix P is obtained as follows:



Figure 1: Illustration of the procedure to test if the LLM uses grammatical number for subject-verb agreement.
In the first execution (left), the LLM predicts “is” for the masked position, recognizing the singular subject. After
shifting the hidden representation of “cat” to the plural subspace using INLP, the model is asked to predict again
(right) and now predicts “are”, aligning with the plural subject. This figure is inspired by [17].

1. Compute the null space of 𝜃, defined as: 𝑁(𝜃) = {h(𝑙)𝑖 ∣ 𝜃⊤h(𝑙)𝑖 = 0}.
2. Construct the projection matrix P𝑁(𝜃) using the basis vectors of 𝑁(𝜃).

3. Obtain the final transformation by projecting onto the orthogonal complement:P𝑁(𝜃)h
(𝑙)
𝑖 .

To ensure that all traces of 𝑡𝑖 are removed, this procedure is applied iteratively. Specifically, additional
probing classifiers 𝑝′ are trained to detect any remaining information about 𝑡𝑖 in the transformed
representations. If a new classifier 𝑝′ still predicts 𝑡𝑖 with above-random accuracy, a new weight vector
𝜃′ is obtained and used in the next iteration of the null-space projection process. This iterative procedure
continues until no further linear information about 𝑡𝑖 can be extracted from the representations.

INLP not only enables the complete removal of specific information from hidden representations but
also provides a principled framework for controlling how linguistic features are encoded and utilized
by LLMs. Crucially, by applying INLP and observing changes in model predictions, one can empirically
verify that a given piece of information was indeed being used by the model during inference.

Beyond its application to mitigating bias, INLP has been employed to analyze other linguistic
phenomena, such as subject-verb agreement in relative clauses [16, 17] and a broader range of syntactic
structures [18]. In these studies, rather than simply removing number information from hidden
representations, the authors used INLP to generate counterfactual examples. For example, consider
an LLM’s performance in predicting the correct verb agreement with the subject in the sentence “The
cat (SUBJECT) that chased the dog [MASK] (VERB) sleeping” as shown in Figure 1. The model is
considered to perform well if it predicts ℙ(is) > ℙ(are) for the masked position, recognizing that the
subject is singular. To test this, the projected hidden representation of cat (h(𝑙)cat) is shifted within the
number subspace identified by INLP, specifically towards the plural subspace (illustrated by the red
line in Figure 1). This shift generates a counterfactual example, represented by the blue dot in the
plural subspace. If the probabilities change upon re-evaluation using the counterfactual representation
instead of the original, it suggests that the model was indeed using number information to predict the
correct agreement. This demonstrates that LLMs encode and utilize grammatical number in a structured
manner.

6. Results on the linguistic competence of language models

Waldis et al. [1] conduct an evaluation using the classifier-based probing approach described in Section 4,
analyzing classification performance across various linguistic tasks by treating the model’s final-layer



Figure 2: Average task metric for each linguistic phenomena type. Dashed lines are average measure over all
phenomena. This figure is taken from Waldis et al. [1].

embeddings as input to the classifiers. The authors measured classification performance by using
different metrics according to the analyzed task (e.g. in subject-verb agreement, the task metric is
the accuracy of predicting the correct verb given the subject). Building on their findings, here we
summarize key insights regarding the linguistic competence of language models; Figure 2 is reported
here from Waldis et al. [1] to depict the linguistic task performance.

While language models excel at capturing local syntactic properties, such as part-of-speech tagging,
they face greater challenges when tasked with understanding more complex linguistic phenomena like
semantic roles and reasoning. For example, consider the sentence The cat that chased the dog is sleeping.
In this case, the part-of-speech tag of the word cat is highly dependent on its surrounding context.
The presence of the definite article the before cat helps the model predict that cat is a noun. This is
a relatively simple syntactic phenomenon where word dependencies within nearby contexts can be
easily captured.

However, when moving to more complex semantic tasks, the challenges become more pronounced.
Consider again the sentence The cat that chased the dog is sleeping. Now, if we are to assign a semantic
role to the words cat and dog, the task becomes significantly more complicated. The appropriate
semantic role for cat would be Agent (the entity performing the action) , while dog would be the
Theme (the entity affected by the action). While models can easily handle word co-occurrences within
the immediate context, they struggle with more distant and intricate relations, such as rhetorical
connections or understanding semantic roles. In this regard, language models show a tendency to
approximate simpler word dependencies in nearby contexts well, but their performance diminishes
when these dependencies extend over larger portions of text or involve more abstract relationships.

An additional consideration is that the linguistic performance of language models can be signifi-
cantly improved by augmenting them with an encoder module. This is especially true when models
are equipped with additional parameters, which allow them to better approximate simpler word co-
occurrences. However, when dealing with more complex co-occurrences, such as those found in
rhetorical relations or higher-order semantic structures, language models still encounter difficulties.

6.1. Linguistic performance in multilingual vs monolingual models

While the studies discussed earlier primarily focus on monolingual (English) language models, a growing
body of literature explores how language models’ ability to learn and encode linguistic properties varies
when considering different languages, particularly in the context of multilingual versus monolingual
models.

In their work, [19] propose a framework for assessing syntactic properties in both monolingual
and multilingual models, with a particular focus on the subject-verb agreement task. Their findings
suggest that monolingual models typically achieve high accuracy on syntactic dependencies without
attractors, while showing poorer performance on agreement in object relative clauses. Furthermore,
they observe that languages with richer morphology tend to have higher agreement accuracy across



various syntactic constructions. In contrast, multilingual models, particularly those in their current
form, do not exhibit evidence of positive grammar transfer across languages. Instead, these models often
experience harmful interference, which negatively affects their ability to learn linguistic properties
effectively across languages.

Regarding the potential for grammar transfer in multilingual models, Mueller et al. [20] explore
whether syntactic neurons are shared across a set of high-resource, grammatically similar languages.
Their findings reveal significant overlap in neurons responsible for syntactic agreement across languages
in autoregressivemultilingual models, but not inmasked languagemodels. Notably, two distinct patterns
of layerwise effects and sets of neurons were found, corresponding to syntactic agreement, depending
on whether the subject and verb were separated by other tokens. These results suggest that multilingual
models may be capable of sharing some syntactic knowledge across grammatically similar languages,
but this is not necessarily the case for all model architectures or language pairs.

While multilingual models exhibit some shared knowledge across languages, these results raise
important questions about the impact of multilingual training on grammar proficiency. The evidence
suggests that while multilingual models may benefit from shared syntactic structures in some cases, they
often struggle to maintain the same level of proficiency in grammar and syntax as their monolingual
counterparts. This is especially true when languages with vastly different syntactic structures or
morphological richness are included in the training data, as the model may struggle to reconcile
conflicting grammatical patterns across languages. Therefore, it appears that multilingual training may
not always enhance grammar and syntax capabilities but can instead lead to interference that hinders
the model’s ability to learn and generalize linguistic properties effectively.

7. Conclusion

This paper provides an overview of key studies on evaluating the linguistic performance of language
models, covering essential concepts in this area. We discussed how language models process text, the
linguistic properties that can be studied, and the tools available for assessing the presence of these
properties in model representations, with a particular focus on probing classifiers. Furthermore, we
explored methods to evaluate whether the linguistic knowledge encoded in a model is actively used
during inference. Additionally, we highlighted techniques like INLP for guiding the model to disregard
certain learned information (e.g., gender bias) and examined how shifting representations of linguistic
properties (e.g., number) in the opposite direction within their respective subspaces can help evaluate
linguistic performance.

Language models are generally better at encoding formal linguistic phenomena, such as morphology
and syntax, compared to functional linguistic phenomena like semantics. This trend is especially true
for monolingual language models, while multilingual models appear to struggle more with transferring
and applying grammatical knowledge across languages.

An important observation made by [1] is that the current evaluations of linguistic performance in
language models are limited in scope. Notably, only three language models were probed on more
than 20% of the tasks, and only one task (part-of-speech tagging) was evaluated for more than 20% of
the models. Furthermore, recent large language models are significantly underrepresented in these
evaluations, suggesting a gap in how we assess the linguistic capabilities of state-of-the-art models.

Looking forward, future work can expand the understanding of linguistic competence in language
models by considering alternative perspectives. For instance, Chomsky [21] and De Saussure [22] offer
distinct views on linguistic competence. Chomsky defines linguistic competence as the unconscious
knowledge of language and linguistic performance as the application of this knowledge in actual
utterances. In contrast, de Saussure distinguishes between the structured rules and lexicon of language
(langue) and its dynamic, social usage (parole), emphasizing the ongoing negotiation and evolution of
language within society. The majority of studies covered in this paper follow Chomsky’s interpretation,
treating language models as static representations of a particular moment in time. However, de
Saussure’s framework invites a more dynamic perspective on linguistic competence, where the evolution



of language knowledge and societal shifts in communication practices are considered. Future research
could apply the methods outlined in this paper, but with an eye toward Saussure’s view of language.
This would help us model the relationship between the language model’s interaction with the language
it is trained on and whether this interaction aligns with the evolving nature of language as a societal
process. Such an approach could offer valuable insights into how language models might better capture
the dynamics of language use and evolution over time.
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