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Abstract

We present Holmes-Graph, a framework to
evaluate the linguistic competences of graph-
based text embeddings generated by training
graph neural networks (GNNs) on graph rep-
resentations of text. The framework extends
the Holmes benchmark, which previously cov-
ered only sparse, static, and transformer-based
representations. The framework is flexible
to be used with any graph representation and
GNN architecture. Once weights are learned
on a downstream task, frozen embeddings
are probed across five linguistic competences.
When applied to Al-generated text detection,
Integrated Syntactic Graphs (ISG) combined
with Graph Neural Networks (GNN) match or
exceed DeBERTa-base on syntax, morphology,
and semantics, but not for reasoning or dis-
course. The results confirm that graph-based
text embeddings encode non-trivial linguistic
knowledge and motivate their inclusion in fu-
ture probing benchmarks.

1 Introduction

Understanding what linguistic knowledge is en-
coded in learned text representations has been a
central question in Natural Language Processing
(NLP) (Lopez-Otal et al., 2025). Early work on lan-
guage models (LMs) has shown that embeddings
implicitly capture a wide range of linguistic com-
petences (Tenney et al., 2019).

The Holmes benchmark formalizes the evalua-
tion of linguistic information across five compe-
tences and enables systematic comparison across
different types of text representations. Waldis et al.
(2024) claim to cover any model producing text
representations, from sparse models such as bag-of-
words (Harris, 1954), to static embeddings such as
GloVe (Pennington et al., 2014), to contextualized
transformers (Devlin et al., 2019). Despite their
wide coverage, Holmes ignores a large class of text
representations: graph-based text representations.
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Figure 1: Holmes-Graph framework, an extension of
the Holmes benchmark. Text documents are converted
into graph representations, processed using different
GNN architectures, and transformed into graph embed-
dings (1). These embeddings are then evaluated with
Holmes probes to analyze the linguistic competences
captured by the graph-based representations (2).

Graph-based text representations offer a struc-
turally different way of encoding written language
(Wang et al., 2024a). Rather than producing to-
ken sequence embeddings, Graph Neural Networks
(GNN) work on relational structures and propagate
information through explicit semantic or grammat-
ical edges. This makes GNNs a promising alterna-
tive for tasks where relational structure matters. At
the same time, it raises the question: what linguis-
tic competences do graph-based text embeddings
capture, and how does this compare to LM-based
embeddings?

In this work, we extend Holmes to graph-based
text embeddings. Figure 1 shows the framework
overview. Given a text graph representation and
a GNN architecture, we generate document-level
embeddings and evaluate them on Holmes, pro-
ducing a linguistic competence profile. These pro-
files enable comparison across algorithmic design
choices such as graph representation, GNN archi-
tecture, node initialization, or training data. We
also compare these profiles to transformer-based
representations. We demonstrate the framework on
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Al-generated text detection, a task where syntactic
cues are expected to be meaningful (B. Varga and
Baksa, 2025).

We address the following research questions:

* RQ1: To what extent do graph-based text
embeddings capture the five linguistic compe-
tences measured by Holmes?

* RQ2: Which algorithmic choices most influ-
ence the resulting linguistic capabilities?

* RQ3: How do graph-based text embeddings
compare to transformer-based text embed-
dings across linguistic competences?

2 Related work

This section reviews prior work related to the eval-
uation of linguistic competence in language rep-
resentations, the application of the Holmes bench-
mark, graph-based text embeddings, and explain-
ability methods for Graph Neural Networks. To-
gether, these research areas provide the foundation
for our proposed Holmes-Graph framework.

2.1 Measuring Linguistic Competence

Warstadt et al. (2020) introduce BLiMP, a bench-
mark that uses minimal-pair diagnostics to test
whether LMs assign higher probability to gram-
matical over ungrammatical sentences across a
wide range of core linguistic phenomena. Gau-
thier et al. (2020) introduce SyntaxGym, which
uses psycholinguistically inspired templates to test
syntactic generalization in LMs.

Holmes includes more than 200 datasets cover-
ing five linguistic phenomena: morphology, syn-
tax, semantics, reasoning, and discourse (Waldis
et al., 2024). Frozen text embeddings are used as
input for classifier-based probing for linguistically
related tasks, thus measuring the linguistic compe-
tence of LMs.

Holmes (Waldis et al., 2024) is a probing bench-
mark for systematically assessing the linguistic
information encoded in text representations. It
comprises more than 200 probing datasets orga-
nized into five linguistic competences: morphology,
syntax, semantics, reasoning, and discourse. The
benchmark evaluates frozen text representations us-
ing lightweight probes targeting specific linguistic
phenomena, providing a competence profile that
characterizes which types of linguistic information
are recoverable from the representations.

Complementary to Holmes, Merlo et al. (2023)
propose Blackbird Language Matrices (BLMs), a

structured multiple-choice framework for probing
linguistic competence at multiple levels of repre-
sentation. BLMs allow finer-grained analysis of
whether models detect linguistic objects, use struc-
tural regularities, and make linguistic or reasoning
erTors.

None of these benchmarks includes evaluations
on graph-based text representations.

2.2 Applications of Holmes

Holmes has been applied to gain insights into task-
specific representations. Alshomary et al. (2025)
use Holmes to analyze layer-wise representations
of pre-trained transformers for authorship attri-
bution, finding that different transformer layers
specialize in distinct linguistic competences and
that leveraging all layers together improves out-of-
domain generalization.

Nastase and Merlo (2025) shows that cosine sim-
ilarity between sentence embeddings is not predic-
tive of their relative performance on linguistic tasks.
Oota et al. (2026) shows that compression degrades
probing performance on morphology, syntax, and
discourse while leaving brain activity predictability
remains largely unaffected.

These applications demonstrate the versatility of
Holmes across representation types and tasks, yet
none extend it to graph-based text representations.

2.3 Graph-based Text Embeddings

Earlier work explored graph neural architectures
for incorporating explicit linguistic structure into
neural representations. Bastings et al. (2017) ap-
plied graph convolutional networks over syntactic
dependency graphs for neural machine translation,
while Marcheggiani and Titov (2017) used GCNs
over dependency structures for semantic role la-
beling. Similarly, (Zhang et al., 2018) showed
that graph convolution over dependency trees can
improve relation extraction. Together, these stud-
ies demonstrated the potential of graph neural net-
works to propagate information through explicit
linguistic relations and complement sequential rep-
resentations.

Beyond syntax-aware sentence representations,
GNNs have also been widely applied to document-
level text classification tasks (Wang et al., 2024a;
Haider Rizvi et al., 2025). Bugueio and De Melo
(2023) provides a comparison of different graph
construction strategies and GNN architectures
across diverse datasets, including sentiment anal-
ysis, topic classification, and hyperpartisan news
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detection. Their results suggest that simple graph
representations are especially useful for longer doc-
uments, where they can capture local and global
textual relations. Valdez-Valenzuela et al. (2025)
further explored text-graph representations com-
bined with GNNs for Al-generated text detection,
showing that structural and semantic graph informa-
tion can be effectively leveraged for this task. More
recently, CoGraphNet (Li et al., 2025) models both
words and sentences as nodes using heterogeneous
word-sentence graphs and reports improved classi-
fication performance over several baselines.

Despite these advancements, prior work has
primarily evaluated graph-based representations
through downstream task performance. Under-
standing what linguistic information is preserved or
encoded in the resulting graph-based embeddings
remains comparatively underexplored. Holmes-
Graph addresses this gap by systematically prob-
ing these representations across multiple linguistic
competencies.

2.4 Explainability of Graph-based text
Embeddings

Recent work on GNN explainability has focused
on identifying the graph components that drive a
model’s predictions. A foundational example is
GNNExplainer (Ying et al., 2019), which gener-
ates post-hoc explanations by learning compact
subgraphs and node features that are most informa-
tive for a GNN’s prediction. Building on this line of
work, Agarwal et al. (2023) introduces GraphXAlI
and ShapeGGen for evaluating GNNSs using syn-
thetic graphs with known ground-truth explana-
tions and metrics such as faithfulness, stability, fair-
ness, and explanation accuracy. CoGraphNet (Li
et al., 2025) incorporates positional bias weights to
inspect how words and sentences are connected and
which textual units contribute to the classification.
These approaches are concerned with recovering
the nodes, edges, or features responsible for a deci-
sion. In contrast, our work addresses a complemen-
tary question: whether graph-based text representa-
tions encode meaningful linguistic knowledge.

3 Methodology

Holmes-Graph extends Holmes to graph-based text
embeddings (see Figure 1). Given a collection of
text documents, graph representations are first con-
structed using either Integrated Syntactic Graphs
or Co-Occurrence Graphs. Node features are ini-

tialized with contextual embeddings extracted from
a PLM. These graph representations are then pro-
cessed by different Graph Neural Network archi-
tectures, such as GCN, GAT, and GTN, trained on
a downstream task while keeping the PLM weights
frozen. After training, the GNN parameters are
also frozen, and document-level embeddings are
extracted from the final graph representation layer.
Finally, these embeddings are evaluated using the
HOLMES probing framework, where linear probes
are trained to measure the extent to which the graph-
based embeddings encode linguistic competencies
across syntax, semantics, reasoning, morphology,
and discourse.

Node feature extraction. Each node is initial-
ized with a contextual embedding from a PLM.
The full document text is passed through the PLM,
and each token receives its contextual representa-
tion from the final hidden layer. When a word is
split into multiple subword tokens, the mean of
its subword embeddings is used as the node rep-
resentation. PLM weights are frozen throughout
GNN training, which isolates the contribution of
graph structure and GNN architecture from any
PLM adaptation.

Document-level embedding extraction. To ob-
tain a single embedding for each document, the
node representations produced by the final GNN
layer are aggregated into a graph-level represen-
tation. Specifically, given the set of node embed-
dings in a document graph, we apply a readout
function to summarize the graph into a fixed vector
size. We experiment with two aggregation strate-
gies: mean pooling, which computes the average of
all node embeddings, and attention-based pooling,
which learns the relative importance of nodes and
assigns higher weights to more informative regions
of the graph. The resulting graph-level embedding
is then used as the document representation for
downstream evaluation and linguistic probing.

Probing with Holmes. Document-level embed-
dings are evaluated following the Holmes probing
setup (Waldis et al., 2024) without modification,
which allows direct comparison between graph-
based and transformer-based representations.
Framework and code available! at http://
holmes-graph-framework.com.

"https://github.com/andric Valdez/Holmes-GNN
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Figure 2: Example of graph representations. Left: Co-Occurrence Graph. Right: Integrated Syntactic Graph.

4 Experimental Settings

We test the framework on the task of Al-generated
text identification. Still, generating graph-based
text embeddings involves several algorithmic de-
sign choices: graph representation, node initializa-
tion, GNN architecture, and training dataset. In the
next subsections, we describe each of them and the
range of choices to be compared.

4.1 Graph Representations

We explore two graph representations: the Co-
Occurrence Graph (CoOc), focusing on semantic
relationships based on word proximity, and the Inte-
grated Syntactic Graph (ISG), incorporating lexical,
morphological, and syntactic information derived
from dependency parsing. This graph representa-
tions are generated using text2graphAPI (Valdez-
Valenzuela and Gémez-Adorno, 2024), a library for
transforming text documents into different graph
representations, including Co-Occurrence and Inte-
grated Syntactic Graphs.

A Co-Occurrence Graph represents words as
nodes and connects words if they co-occur within
a context window. Each edge is weighted using
the Pointwise Mutual Information (PMI), which
quantifies how strongly two words are semanti-
cally associated?. This representation preserves
document-level relationships by constructing one
graph per document. Figure 2 (left) illustrates the
structure of a co-occurrence graph for the follow-
ing example sentence: Al transforms industries
through automation and data. Words such as Al,

ZPMI compares the joint probability of two words co-
occurring with the probability of them occurring indepen-
dently.

data, and automation frequently co-occur, resulting
in stronger edge connections.

The Integrated Syntactic Graph combines lex-
ical, morphological, and syntactic information into
a unified structure, thus capturing multi-level lin-
guistic information (Gémez-Adorno et al., 2016).
For each sentence, a dependency tree is extracted
using a parser such as spaCy (Honnibal et al., 2020).
Each token becomes a node in token_POS format,
and edges represent dependency relations (e.g.,
nsubj, dobj). Sentence-level graphs are merged
into a single document graph with a virtual root
node (ROOT-0) from which all graph connections
are derived. Figure 2 (right) shows an ISG graph
for the text document: Neural networks can detect
patterns in complex data. They are often used in
image recognition tasks.

4.2 Node Initialization

Each node in the graph is initialized with a
contextual embedding obtained from a PLM.
We experiment with three PLMs for node ini-
tialization: BERT-base (Devlin et al., 2019),
RoBERTa-base (Liu et al., 2019), and DeBERTa-
base (He et al., 2020). We also include a
more recent Large Language Model (LLM),
Qwen25_05b_Instruct (Team, 2024), in our com-
parison. These models were selected to cover differ-
ent families of pre-trained representations. BERT,
RoBERTa, and DeBERTa provide encoder-based
architectures with different pre-training and atten-
tion strategies, while Qwen extends the analysis to
a decoder-based generative model. This selection
allows us to examine whether the linguistic com-
petence patterns observed for graph-based embed-
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dings are consistent across different PLM families.
Either words (CoOc) or token-POS pairs (ISG) em-
beddings are extracted. When a word is split into
multiple subword tokens, the mean of its subword
embeddings is used.

4.3 Graph Neural Network Architecture

Several GNN architectures have been proposed for
learning representations over graph structures, in-
cluding: Graph Convolutional Networks, Graph
Attention Networks, and Graph Transformer Net-
works. Each architecture introduces different strate-
gies for neighborhood aggregation and relational
learning within graph structures.

Graph Convolutional Networks (GCN) (Kipf
and Welling, 2017) extend the concept of convolu-
tion from CNNs to graph-structured data. GCNs
learn node representations by aggregating informa-
tion from neighboring nodes through normalized
weighted averaging. This approach enables effi-
cient local feature propagation and has been widely
applied to node and graph classification tasks. How-
ever, a limitation of GCNss is that all neighboring
nodes contribute with similar importance during
aggregation, which may reduce their ability to dis-
tinguish more relevant connections.

Graph Attention Networks (GAT) (Velickovié
et al., 2018) incorporate attention mechanisms into
the aggregation process, allowing the model to
learn the relative importance of neighboring nodes.
Instead of uniformly averaging neighbor represen-
tations, GAT's assign adaptive attention weights to
each connection, enabling more expressive rela-
tional modeling. In addition, multi-head attention
improves training stability and captures diverse
interaction patterns. This architecture is particu-
larly effective in text graphs, where relationships
between words or documents may have different
semantic relevance.

Graph Transformer Networks (GTN) (Yun
et al., 2019) are inspired by the Transformer ar-
chitecture and extend self-attention mechanisms to
graph domains. Unlike GCNs and GATs, which
mainly focus on local neighborhoods, GTNs can
capture long-range and global dependencies be-
tween nodes. These models integrate node and
edge features directly into the attention computa-
tion, allowing the representation of semantic, syn-
tactic, or statistical relationships within the graph.
GTNs also incorporate residual connections and
structural encodings, providing greater expressive
power for graph-based learning.

4.4 Training Datasets

To train the GNNs and obtain the graph-based text
embeddings, we employed the Autextification2023
and SemEval2024 datasets, which are corpora de-
signed for evaluating Al-generated text detection
methods. All of these datasets contain documents
from multiple domains (e.g., Wikipedia, Reddit,
Reviews, etc) and multiple LLMs. Table 1 provides
a detailed distribution of instances across training,
validation, and test sets, along with the respective
average document lengths.

Autextification2023. This dataset contains hu-
man and LLM-generated texts from five domains:
tweets, reviews, how-to articles, news, and le-
gal documents. Human texts were sourced from
datasets like Amazon Reviews and WikiLingua,
while machine-generated texts were created using
BLOOM and GPT-3 for their multilingual capabili-
ties (Sarvazyan et al., 2023).

SemEval2024. It is an extension of the M4
dataset (Wang et al., 2024c¢); this benchmark con-
tains machine-generated text across multiple lan-
guages, including English, Spanish, and Chinese. It
features texts generated by various LL.Ms, such as
GPT-4, Cohere, and Dolly-v2 (Wang et al., 2024b).

5 [Evaluation

This section describes the evaluation setup used to
analyze the linguistic competence of graph-based
text embeddings. We first summarize the five lin-
guistic competencies defined in Holmes, followed
by the experimental configurations designed to
evaluate the impact of graph representation, GNN
architecture, and node initialization choices.

5.1 Linguistic competences

We evaluate graph-based embeddings using the
original Holmes benchmark (Waldis et al., 2024),
following its probing setup without modification.
Holmes organizes its probing datasets into five lin-
guistic competences: morphology, syntax, seman-
tics, reasoning, and discourse.

Each competence is evaluated using a set of prob-
ing tasks. The reported task score depends on the
type of probing task: we use macro-F1 for classifi-
cation tasks and Pearson correlation for regression
tasks. Competence-level scores are then computed
as the arithmetic mean of the task scores assigned
to each linguistic competence. Therefore, these
values should be interpreted as aggregate probing
scores rather than as a single homogeneous metric
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Dataset Train Validation Test # Docs
human machine human machine human machine

Autext2023 11,963 11,728 5,083 5,071 10,642 11,190 55,677

SemEval2024 58,416 56,350 2,500 2,500 17,130 17,136 159,029

Table 1: Summary stats for the datasets used in the experiments. All text documents are in English.

Table 2: Example probes for each linguistic competency

Competency Example Probe Example Sentence What it Evaluates

Syntax zorro-agreement_subject_verb  “The keys to the cabinet are missing.” Subject—verb agreement across intervening phrases.
Semantics protoroles-volition “Maria deliberately opened the window.” Whether the subject acts intentionally or voluntarily.
Reasoning SemAntoNeg “The task is not easy.” Understanding semantic negation and implicit meaning.
Morphology  zorro-irregular-verb “She went to school yesterday.” Recognition of irregular verb forms.

Discourse coref “Laura called Ana because she needed help.” Coreference resolution based on context.

such as accuracy. Higher scores indicate that the
embedding encodes more information relevant to
the corresponding linguistic competence. Table 2
shows example probes for each competence.

Morphology probes target word-level grammat-
ical features such as part-of-speech tags, num-
ber, gender, tense, and verb form (Haspelmath
and Sims, 2013). These features are typically lo-
cal and recoverable without sentence-level con-
text. Syntax probes evaluate grammatical struc-
ture at the sentence level, including dependency
relations, subject-verb agreement, and argument
structure (Chomsky, 2002). Semantics probes
cover meaning-related phenomena such as seman-
tic role labeling, word sense, and coreference res-
olution (Palmer et al., 2013). Reasoning probes
test the capacity to draw linguistic inferences, in-
cluding negation detection, quantifier scope, and
natural language inference. Discourse probes eval-
uate coherence and cross-sentence relations, includ-
ing discourse relation classification and sentence
ordering (Mann et al., 1992).

5.2 Experiments

To answer the research questions introduced in
Section 1, we conduct a series of experiments
analyzing the linguistic competence of graph-
based text embeddings under different settings.
Specifically, we explore two graph representations
(ISG and CoOc), three GNN architectures (GCN,
GAT, and GTN), and four initialization models
(BERT-base, RoBERTa-base, DeBERTa-base, and
Qwen25_05b_Instruct).

The experiments are organized around four main
analyses. First, we evaluate to what extent graph-
based text embeddings capture meaningful linguis-
tic knowledge across the five Holmes competencies.
Second, we analyze the impact of graph construc-

tion by comparing ISG and CoOc representations.
Third, we study the effect of different GNN archi-
tectures on the resulting linguistic competence pro-
files. Finally, we compare graph-based embeddings
against transformer-based embeddings to identify
strengths and weaknesses across linguistic phenom-
ena. Implementation details can be found in Ap-
pendix A.1. The results of these experiments are
presented and discussed in Section 6.

6 Results

This section presents the experimental results ob-
tained with the proposed Holmes-Graph frame-
work. We first analyze the linguistic competence
profile of graph-based embeddings, followed by
the impact of graph representation and GNN archi-
tecture choices. Finally, we compare graph-based
embeddings against transformer-based representa-
tions to identify the linguistic phenomena where
each representation is most effective.?

6.1 Linguistic Competence of Graph-Based
Embeddings

Figure 3 presents the linguistic competence pro-
file of ISG-GTN embeddings according to the
HOLMES probing score. Overall, the model ob-
tains an aggregate score of 0.662, covering a good
amount of linguistic information. The strongest
competencies are Syntax and Morphology. This
confirms our claim that ISG-GNN captures struc-
tural and form-related linguistic patterns particu-
larly well. Performance is more moderate for Se-
mantics (0.602) and Reasoning (0.587), while Dis-
course shows the lowest score (0.399), which is

3Unless otherwise specified, ISG-GTN refers to the config-
uration using the Integrated Syntactic Graph (ISG), a Graph
Transformer Network (GTN) architecture, and DeBERTa-base
embeddings for node feature initialization.
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expected because our text graph representations
do not model discourse-level features. The error
bars (standard deviation) indicate variability across
probes within each competency, with wider inter-
vals for semantics, reasoning, and discourse, re-
flecting greater heterogeneity in the model’s perfor-
mance across these linguistic dimensions.

Syntax
Morphology
Semantics
Reasoning
Discourse

Overall

0.0 02 0.4 06 08 1.0
HOLMES probing score

Figure 3: Linguistic competence profile of ISG-GTN
embeddings.

6.2 Impact of Graph Representation: ISG vs.
CoOc

Figure 4 compares scores obtained with the ISG
and CoOc graph representations across the five
linguistic competencies. ISG outperforms CoOc
across all categories, achieving a higher overall
score of 0.648 compared with 0.591 for CoOc.
The largest gap appears in Semantics, where ISG
reaches 0.565 while CoOc obtains 0.409, which
means that ISG captures semantic information
more effectively than CoOc. In general, the ISG
representation provides a more informative graph
structure for encoding linguistic knowledge, partic-
ularly for semantic and syntactic competencies.
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Figure 4: Graph representation: ISG vs. CoOc.

6.3 Impact of the GNN Architecture

Figure 5 compares scores obtained across the three
evaluated GNN architectures: GCN, GAT, and

GTN (using ISG representation with DeBERTa-
base embeddings as node feature initialization).
While the overall performance differences are rel-
atively moderate, consistent patterns can be ob-
served across specific linguistic competencies. In
general, GTN achieves the strongest overall per-
formance, particularly in syntax, semantics, and
discourse, suggesting that transformer-based graph
architectures better capture local and long-range
dependencies within text graphs.

GAT outperforms GCN in most competencies,
indicating that attention mechanisms help identify
more informative neighborhood relations during
message passing. The largest gains across architec-
tures appear in syntax and semantics, highlighting
the importance of graph structure and relational
aggregation for modeling grammatical and seman-
tic information. Reasoning and discourse remain
challenging competencies for all architectures.
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Figure 5: GNN architecture comparison on ISG graphs:
GCN vs. GAT vs. GTN.

6.4 Comparison with Transformer-Based
Embeddings

Table 3 shows that ISG-GTN embeddings achieve
overall performance comparable to transformer-
based embeddings, with small but steady gains
across most encoder families and a larger improve-
ment for Qwen. Models marked with -ff correspond
to PLMs fine-tuned on the Al-generated text detec-
tion task using the Autext2023 and SemEval2024
datasets. For ISG-GTN, node features are initial-
ized using embeddings from the same PLM used
in the corresponding comparison. However, ag-
gregate scores alone conceal important differences
at the linguistic competence level. Figure 6 high-
lights these variations by visualizing the score gap
between ISG-GTN and transformer-based embed-
dings across the five Holmes competencies.

The largest gains appear in syntax and seman-
tics. ISG-GTN improves syntactic competence for
most encoder families, with particularly large gains
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Table 3: Comparison between transformer-based embeddings (LLM) and graph-based embeddings (ISG-GTN)
across linguistic competencies on the HOLMES benchmark. Models with the suffix “-ft” were fine-tuned on
the Autext2023 and SemEval2024 datasets before evaluation. For ISG-GTN, node features are initialized using
embeddings from the corresponding PLM shown in each comparison.

Model Overall Morphology Syntax Semantics Reasoning Discourse
LLM ISG-GTN LLM ISG-GTN LLM ISG-GTN LLM ISG-GTN LLM ISG-GTN LLM ISG-GTN
BERT 0.600 0.608 0.709 0.721 0.775 0.821 0.542 0.594 0.530 0493 0445 0410
BERT-ft 0.586 0590 0.706 0.695 0.731 0.774 0540 0.589 0.521 0504 0.430 0.388
RoBERTa 0.608 0.607 0715 0.730 0.814 0.809 0.562 0.574 0.522 0509 0429 0412
RoBERTa-ft 0.554 0.580 0.641 0.666 0.688 0.743 0.531 0.577 0.517 0505 0.395 0.407
DeBERTa 0.657 0.661 0.823 0.843 0.862 0.880 0591 0.599 0574 0.579 0434 0405
DeBERTa-ft 0.636 0.626 0.808 0.784 0.828 0.830 0.546 0.575 0.569 0.540 0426 0.402
Qwen25_05b 0.443  0.572 0480 0.663 0490 0.751 0.376 0.563 0499 0.501 0.370 0.382

for Qwen, RoBERTa-ft, BERT, and BERT-ft. The
gains for Qwen are especially large because, unlike
encoder-only PLMs, instruction-tuned generative
models are not optimized for syntactic structure.
This pattern follows from the design of the ISG
representation, which explicitly encodes depen-
dency relations and enables the GNN to propagate
information through structured linguistic connec-
tions. Semantic competence also improves in most
settings, suggesting that graph-based aggregation
enriches meaning-related information beyond the
original transformer representation.

In contrast, gains in reasoning and discourse are
less uniform across encoder families. Transformer-
based embeddings often retain an advantage in
reasoning, and similarly outperform on discourse.
Overall, these findings suggest that graph-based
embeddings should not be interpreted as a direct
replacement for transformer embeddings. Instead,
they encode complementary linguistic signals, with
their strongest contribution concentrated in syntax-
and structure-oriented competencies.
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Figure 6: Delta scores (ISG-GTN minus LLM) across
linguistic competencies. Graph-based embeddings show
consistent improvements in syntax and semantics across
most encoder families.

7 Discussion

Our results show that graph-based text embeddings
are a valuable addition to the language model topol-

ogy defined in Holmes. Across the five linguis-
tic competences, ISG-GTN achieves performance
comparable to strong transformer-based embed-
dings such as DeBERTa-base, while exhibiting a
distinct competence profile. This demonstrates
that graph-based representations encode linguis-
tic knowledge and capture information that is not
fully reflected in standard sequence-based embed-
dings. Extending Holmes through the proposed
Holmes-Graph framework offers a complementary
perspective on how graph-based and transformer-
based architectures encode linguistic structure.

The largest improvements appear in syntax
and morphology, where ISG-GTN outperforms
DeBERTa-base by the largest margins. Unlike
transformers, where syntactic structure must be
inferred implicitly from token sequences, ISG ex-
plicitly incorporates dependency relations as la-
beled graph edges. During message passing, the
GNN propagates information directly through these
syntactic connections, enabling the resulting em-
beddings to preserve grammatical and structural
patterns more effectively. These findings suggest
that for tasks where syntactic competence is critical,
constructing a graph over the syntactic structure of
a document may be more effective than fine-tuning
a transformer on task-specific data.

These gains should be interpreted in the con-
text of the ISG design, which explicitly incorpo-
rates POS information and syntactic dependency
relations. Therefore, our results do not imply that
the GNN discovers these linguistic properties from
scratch, but rather show the extent to which they
remain recoverable after message passing, down-
stream training, and graph-level aggregation. More-
over, the different competence profiles observed
across GNN architectures suggest that the resulting
representations are not determined solely by the
input graph structure.
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Semantics also benefits from the graph-based
representation, although the gains are generally
smaller than those observed for syntax. The im-
provements in semantic role and proto-role probes
indicate that graph aggregation enriches local rela-
tional information beyond the original PLM embed-
dings. The gap between ISG and CoOc is largest
in semantics. CoOc encodes word proximity and
co-occurrence strength, whereas ISG dependency
edges explicitly represent grammatical relations
that carry semantic content, which explains why
ISG better preserves meaning-related information.

Reasoning presents a challenge since phenom-
ena such as negation, quantifier scope, and natural
language inference require understanding proposi-
tional content and scope relationships. These are
not directly encoded in syntactic dependency struc-
tures, which explains why transformer-based em-
beddings retain an advantage in this competence.

Graph-based embeddings fall short on discourse.
Discourse coherence depends on long-range rela-
tionships across sentences that are not well cap-
tured by local message-passing over a syntactic
graph. This points to a structural limitation of the
graph representations we evaluate, and suggests
that future work should explore graph constructions
that explicitly model inter-sentence and document-
level relations (Baez Santamaria et al., 2021).

More broadly, these results illustrate the diagnos-
tic value of Holmes-Graph: models with similar
aggregate performance can exhibit substantially dif-
ferent linguistic competence profiles, allowing us
to identify which types of linguistic information are
preserved or lost under different graph construction
and architectural choices.

The choice of GNN architecture also shapes
the linguistic competence profile. GTN achieves
the strongest performance, particularly in syntax
and semantics, suggesting that global self-attention
over graph structure is more effective than local
neighborhood aggregation for capturing relational
dependencies. The advantage of GAT over GCN
further confirms that adaptive attention weights im-
prove the model’s ability to identify informative
linguistic connections during message passing.

Overall, these differences show that linguistic
competence is shaped not only by the information
provided by the input graph, but also by how the
GNN architecture transforms and aggregates that
information.

8 Conclusion

We presented a framework for evaluating the lin-
guistic competence of graph-based text embed-
dings, addressing a gap not only in the Holmes
benchmark but also in the field of GNN inter-
pretability. We show that graph-based text embed-
dings are competitive and mostly capture syntax-
related linguistic competencies. Furthermore,
graph-based text embeddings (when trained on
an authorship analysis task) match or exceed De-
BERTa on syntax, semantics, and morphology,
while falling short on reasoning and discourse. The
framework enables future work to trace such dif-
ferences back to specific design choices in graph
construction, architecture, or node initialization.

Limitations

The framework is demonstrated on a single down-
stream task: Al-generated text detection. Whether
the resulting linguistic competence profiles gener-
alize to other tasks or domains is an open question.

The space of design choices for graph-based text
embeddings is large. We explore two graph rep-
resentations, three GNN architectures, and three
node initializers, but many other combinations re-
main untested. This work is best understood as a
proof of concept that demonstrates the framework
rather than an exhaustive comparison.

The discourse competence gap is a structural
limitation of the graph representations we evaluate.
Both CoOc and ISG graphs model intra-sentence
and local word-level relationships, and neither ex-
plicitly encodes inter-sentence or document-level
relations. Extending the framework to discourse-
aware graph representations is left for future work.

Graph construction and GNN inference are more
computationally expensive than transformer-based
inference, particularly for long documents where
graph size grows with document length.

Finally, the use of linguistically informed graphs
introduces a potential source of circularity, since
ISG explicitly encodes POS and syntactic depen-
dency information that is also targeted by some
Holmes probes. Consequently, strong morphology
and syntax scores should be interpreted as evidence
that this information remains recoverable in the
learned representations, rather than that the GNN
independently discovers these linguistic properties.
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A Appendix

A.1 Implementation details.

Experiments were executed on two NVIDIA RTX
A5000 GPUs with 24GB of memory each. The
implementation used Python 3.10, CUDA 12.2, Py-
Torch, and PyTorch Geometric 2.5. The default
configuration used two GNN layers, two attention
heads for attention-based architectures, 256 hidden
dimensions, ReLLU activations, and layer normaliza-
tion. Models were optimized with AdamW using
a learning rate of 2 x 107>, weight decay of 1073,
batch size 16, and up to 100 epochs with early

stopping.
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