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Abstract

Classifying corporate environmental, social, and governance (ESG) disclosures is challeng-
ing because they combine technical terminology with subtle, domain-specific distinctions.
Pretrained Transformers such as ClimateBERT perform well but require many parameters
and substantial GPU memory. This paper introduces TC-HGAT, a lightweight hierarchical
graph attention network with task-semantic conditioning. TC-HGAT uses frozen FastText-
300D embeddings and builds, for each document, a graph of word nodes, virtual cluster
nodes, and a task-semantic node obtained by mean-pooling the embeddings of a natural-
language task description. On three ESG tasks (Claim, Specificity, and Commitment),
TC-HGAT achieves macro-F1 scores of 94.6%, 77.8%, and 79.3%, with the highest mean
scores on Claim and Commitment, although no difference from ClimateBERT is statistically
significant. Most of the gain comes from the task-semantic node, which improves macro-F1
significantly on all three tasks (by 5.7, 2.4, and 4.5 points), whereas the cluster layer alone
gives a modest improvement that is significant only on Claim. Random vectors in the same
graph position, including a norm-matched one, do not reproduce this gain, indicating that
it depends on the content of the task representation. TC-HGAT trains about 1.4 million
parameters, far fewer than BERT-base and ClimateBERT, and needs substantially less peak
GPU memory during training.

Keywords: Graph Neural Networks (GNNs); text classification; ESG disclosures;
task-semantic conditioning; hierarchical graphs; machine learning; sustainability reporting

1. Introduction
Corporate environmental, social, and governance (ESG) information is shared through

large amounts of reports, sustainability documents, and regulatory filings. Automatically
classifying these texts is important for identifying climate-related claims, checking how clear
and specific the statements are, and evaluating corporate sustainability commitments [1,2].
However, ESG text classification is challenging. Models need to understand specific
meanings, handle technical terms, and work with different document structures. They also
need to avoid simply learning superficial word patterns [3].

Pretrained Transformer models, such as BERT [4,5], and domain-specific models
like ClimateBERT [6] and FinBERT [7], have achieved strong results in many natural
language processing tasks by learning useful information from large text datasets. However,
traditional document classification models usually treat each text as a separate sequence.
They process the text without clearly representing the relationships between different
parts of the text or allowing information to move between different levels of meaning. In
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addition, these models have many parameters and require substantial GPU memory to
fine-tune, which can be a barrier for organizations that need to classify disclosures with
limited computational resources.

Graph Neural Networks (GNNs) provide another useful approach because they can
represent relationships between different elements using nodes and edges [8–10]. When
text is represented as a graph, message-passing methods [11] allow each node to collect
information from nearby words or documents. This helps the model learn better and more
structured representations of the text [12]. Recent methods have also combined language
models with GNNs to use both the meaning of the text and the relationships between
different text elements [13].

However, the performance of a GNN classifier depends strongly on how the graph is
built [14]. Common text graphs can have some important limitations. At the word level,
a flat graph passes information only between directly connected tokens, so relating distant
or semantically related words requires several propagation steps; in larger graphs this
repeated compression of information through few edges is known as over-squashing [15,16].
Even for short texts, such as the sentence-level ESG statements studied here, a flat word
graph provides no intermediate unit that groups semantically related words. At the
document level, graphs usually contain no information about the classification task itself.
Most existing methods mainly connect basic text units, such as words or documents. They
do not include intermediate levels that group related semantic concepts, nor do they include
a node that represents the classification task.

ESG classification adds three specific difficulties to this setting. First, the classes are
separated by subtle cues: a vague sustainability statement and a specific, quantified target
often share most of their vocabulary and differ only in a few tokens, such as numbers, dates,
or modal verbs. Second, labeled ESG data are scarce; the benchmarks used in this study
contain only 800 to 1040 training sentences per task, which favors compact models that can
be trained reliably on small datasets. Third, the same text may need to be judged under
different criteria (whether it is a claim, whether it is specific, whether it is a commitment),
so a representation that is aware of the task objective can be useful. The novelty of this
work lies in addressing the second and third difficulties within the graph structure itself:
rather than adding parameters through a larger encoder, we add an intermediate layer
of embedding-derived cluster nodes and a single task-semantic node, and we test with
explicit control conditions whether the task-level representation, rather than the added
structure, is responsible for the observed gains.

To address these limitations, we investigate a central research question: Can graph rep-
resentations be augmented with intermediate structural abstractions and task-semantic conditioning
to improve classification performance while maintaining a low computational footprint?

We address this question by introducing TC-HGAT, a task-conditioned hierarchical
graph attention network. Operating on pretrained static 300-dimensional word embed-
dings, with FastText-300D used as the main configuration and GloVe-300D evaluated as
an alternative embedding backbone, TC-HGAT constructs a multi-tier graph containing
three distinct node types: low-level lexical word nodes, intermediate virtual cluster nodes,
and a task-semantic node. Virtual cluster nodes aggregate semantically related words
into intermediate representations, providing an additional level of abstraction between
individual words and the document representation. The task-semantic node is obtained by
mean-pooling the static embeddings of a natural-language description of the classification
task. It is therefore a fixed task-level vector, shared by all documents of a task, rather than
an instruction that the model interprets. It is connected to the intermediate cluster layer,
where it participates in attention-based message passing.
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We evaluate TC-HGAT across three benchmark ClimateBERT ESG tasks: claim de-
tection, statement specificity, and commitment identification [3,6]. Through controlled
ablation experiments, including correct, wrong-task, and unrelated task descriptions, and a
fixed random vector placed in the same graph position, we examine whether the task
representation contributes beyond the addition of graph structure and of an extra node
alone. We further evaluate the sensitivity of the framework to different static embeddings,
clustering algorithms, levels of task-description detail, and numbers of virtual clusters.

The main contributions of this work are as follows:

• We introduce TC-HGAT, a lightweight hierarchical GNN architecture that combines
embedding-derived virtual cluster nodes with a task-semantic node for multi-scale
message passing.

• We investigate task-semantic conditioning through a controlled multi-condition abla-
tion protocol. The correct task description improves macro-F1 significantly on all three
tasks over the configuration without a task node, whereas mismatched descriptions
give much smaller gains, and unrelated descriptions and random vectors, including a
norm-matched one, give none.

• We systematically evaluate the contribution of hierarchical graph structure by com-
paring flat word-level and hierarchical graph configurations. The cluster layer alone
gives a modest, task-dependent improvement of up to 2.3 macro-F1 points over the
flat Word-GCN configuration, which is statistically significant only on Claim.

• We evaluate the sensitivity of the proposed architecture to the embedding backbone us-
ing FastText-300D as the main configuration and GloVe-300D as an alternative, together
with four clustering strategies, several levels of task-description detail, and different
numbers of virtual clusters.

• We demonstrate that TC-HGAT achieves strong predictive performance with a sub-
stantially smaller computational footprint than the large Transformer-based baselines.
In particular, the model uses approximately 1.4 million trainable parameters and
substantially less peak GPU memory, with an end-to-end inference time of 8.4 ms per
document, including per-document clustering (Section 5.14).

The remainder of this paper is organized as follows. Section 2 provides background
and discusses related work. Section 3 presents the proposed TC-HGAT methodology and
architectural design. Section 4 details the experimental setup and benchmark datasets.
Section 5 presents the empirical results and efficiency profiling. Section 6 addresses limita-
tions and potential threats to validity, and Section 7 concludes the paper.

2. Background and Related Work
2.1. Transformer-Based Text Representation

Pretrained Transformer models are widely used for text representation and classi-
fication [5]. BERT introduced a bidirectional Transformer trained on large amounts of
unlabeled text and showed that contextual word representations can be useful for many
different tasks [4]. By considering the words around each token, Transformers can capture
the meaning of words and some of the relationships between them more effectively than
simple word-based features.

Despite their strong performance, Transformer models still represent text mainly as
sequences. The relationships between different parts of the text are learned through self-
attention rather than being explicitly represented as a graph. This can be a limitation for
tasks where classification depends on relationships between words, phrases, or documents.
These relationships can provide useful information and reveal patterns that are not directly
represented in a standard sequence-based model.
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2.2. Graph Neural Networks for Text Classification

GNNs are a useful way to represent data where the relationships between different
elements are important [9,10], and a growing body of work has applied them to text
classification [17]. TextGCN showed this by building a graph that includes both word and
document nodes. It then uses graph convolutions to pass information between connected
nodes [8]. This approach has also been extended to different types of graphs at the word
and text levels [18].

An important distinction in this literature is between corpus-level and text-level
graphs. Corpus-level methods such as TextGCN [8] and BertGCN [13] build a single graph
over the whole corpus, including unlabeled test documents, and are therefore transductive.
Text-level methods instead build one graph per document, which makes them inductive:
a new document can be classified without rebuilding the corpus graph. Huang et al. [18]
introduced text-level graphs with shared word-node parameters, and TextING [19] learned
document-specific word graphs with gated graph networks.

Later studies have explored combining pretrained language models with GNNs.
For example, BertGCN builds a graph that contains different types of text elements and
uses BERT to create document representations [13]. Attention-based GNNs improve this
process by giving different importance to neighboring nodes. Graph Attention Networks
(GATs) assign different weights to neighboring nodes when passing information [20].
GATv2 further improves this method by using a more flexible attention mechanism that
considers both the source and target node representations [21]. Beyond text, graph- and
attention-based backbones are increasingly benchmarked as lightweight alternatives in
other application domains, such as fault diagnosis and regression in building HVAC
systems [22].

2.3. Graph Construction for Text Classification

The graph structure determines which nodes can share information with each other,
which directly affects how the GNN understands the relationships in the data. Bugueño
and de Melo compared different graph construction methods across several classification
tasks and showed that choosing the right graph structure is an important part of the model,
not just a simple preprocessing step [14].

Most existing methods mainly connect basic text elements. Although this allows
information to move between connected elements, they do not clearly include intermediate
nodes that group related concepts. They also do not directly include information about the
classification task in the graph structure.

2.4. NLP for ESG and Climate-Related Disclosures

Several datasets and models have been developed specifically for climate and ESG
text. ClimaText [23] provides sentence-level labels for climate-change topic detection.
ClimateBERT [6] adapts a DistilRoBERTa model to climate-related text through continued
pretraining and is evaluated on the claim, specificity, and commitment tasks used in
this study [3]. ClimateBERT-NetZero [24] extends this line of work to the detection of
net-zero and emission-reduction targets, and ESGBERT [25] provides domain-adapted
models for environmental, social, and governance text. These approaches rely on fine-
tuning Transformer encoders with tens of millions of parameters. The present work is
complementary: it targets the same benchmark tasks with a graph model whose trainable
parameters are restricted to two attention layers and a linear head.
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2.5. Research Gap

Previous studies show that Transformers are effective for representing text se-
quences [4], while GNNs provide a clear way to pass information between related el-
ements [8,11]. They also show that the way a graph is built controls how information
moves through it [14]. However, most graph-based classification models use only the
original text elements to build their graphs.

More specifically, TextGCN [8] and Word-GCN mainly connect words and documents
or words with other words. These flat structures provide no intermediate level that groups
related meanings, and in larger graphs they are susceptible to over-squashing. BertGCN [13]
combines BERT with graph convolutions, but it still requires many parameters and does
not directly include the classification task in the graph. A hierarchical word–cluster config-
uration, which we use as the task-node-free counterpart of our proposed architecture, adds
connections between words and virtual clusters but does not include a task-semantic node.
We refer to this configuration as Hierarchical-GAT throughout the experiments.

We address this gap by adding two new types of nodes to the graph: virtual cluster
nodes and a task-semantic node. Virtual cluster nodes create an intermediate layer that
groups related text elements [26–28]. The task-semantic node is a fixed vector obtained
from the static embeddings of a short task description. It adds task-level information to the
graph and interacts with the cluster nodes during attention-based message passing. Unlike
instruction-following in large language models, this node is not interpreted or reasoned
over by the model; it acts only as a task-conditioning vector.

3. Proposed Method
This section presents TC-HGAT, a hierarchical graph attention network with task-

semantic conditioning. The complete end-to-end architecture is illustrated in Figure 1.
To capture semantic information at multiple levels of abstraction, each text instance is
represented as a hierarchical graph composed of three node types: word nodes at the lexical
level, virtual cluster nodes at an intermediate semantic level, and a task-semantic node at
the task level. Graph attention layers then perform message passing across these levels to
obtain a graph-level representation for classification.

1 INPUT

ESG Document

“The company commits to net-

zero emissions by 2040 …”

commit net-zero 2040

emissions …

Task Description

“Classify whether the text contains 

a climate-related claim.”

2 EMBEDDING

Static

Encoder

300-d output vectors

hi = E(wi) ∈ ℝ300

3 HIERARCHICAL GRAPH

TASK LEVEL

TOPIC LEVEL

K virtual clusters

WORD LEVEL · tokens w1 … wn (300-d)

top-down task 

conditioning

vI

c1 c2
···

cK

4 GAT LAYERS

300-d in · 300-d out

GAT Layer 1

GAT Layer 2

Mean Pooling
zD over all graph nodes

5 ESG OUTPUT

Linear + Softmax

class-weighted CE loss

Claim detection

Statement specificity

Commitment 

identification

Word node Virtual cluster node Membership edge Top-down conditioning

300-d input
4 attention heads × 300-d

element-wise average
300-d output

4 attention heads × 300-d
element-wise average

300-d output

task-semantic node vI

Task-semantic node

Figure 1. End-to-end architecture of TC-HGAT, the hierarchical graph attention network with
task-semantic conditioning. Ellipses (...) indicate tokens, text, and nodes omitted for readability.
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3.1. Problem Formulation

Let a text instance be represented as a sequence of tokens D = (w1, w2, . . . , wn), where
n denotes the sequence length. Let T denote the classification task and y its corresponding
target label. The objective is to learn a predictive mapping f (D, T ) → y by constructing
and learning over a task-aware hierarchical graph GD.

3.2. Word Representation

Each token wi ∈ D is mapped to a 300-dimensional continuous vector using a pre-
trained static embedding function:

hi = E(wi), hi ∈ R300, (1)

where E(·) denotes the embedding lookup function. FastText-300D is used as the main
embedding configuration, while GloVe-300D is evaluated as an alternative embedding
backbone in a dedicated sensitivity experiment [29,30]. The embedding representations are
kept fixed during graph model training, such that the trainable parameters are restricted to
the graph neural network and classification components.

Tokens that are not present in the pretrained vocabulary are handled as follows.
For FastText, an out-of-vocabulary (OOV) token is represented by the average of the vectors
of its character n-grams, as provided by the pretrained FastText binary model, so that
every retained token receives a 300-dimensional vector. For GloVe, which has no subword
information, OOV tokens are mapped to a zero vector. OOV tokens are rare in the evaluated
datasets: the token-level OOV rate is 2.28% (Claim) and 1.98% (Specificity and Commitment,
which share the same sentences) for FastText, and 2.16% and 2.07% for GloVe.

3.3. Hierarchical Graph Construction

To construct the multi-level topology, the graph node set V is partitioned into three
subsets:

V = VW ∪ VC ∪ {vI}, (2)

where VW = {vw
1 , . . . , vw

n } represents the document word nodes, VC represents the virtual
cluster nodes, and vI denotes the task-semantic node. The number of virtual cluster nodes
is document-dependent and satisfies |VC| ≤ K, where K denotes the requested maximum
number of clusters.

For each document, the embeddings of its retained unique words are clustered in-
dependently in the embedding space. Let Ck denote the set of word indices assigned to
the k-th observed cluster in the document. If the number of retained document words is
smaller than K, the effective number of clusters is reduced accordingly. Only observed,
non-empty clusters are instantiated as virtual cluster nodes. Thus, for every instantiated
cluster, |Ck| > 0.

For each observed cluster, the corresponding virtual node is initialized as the mean of
the embeddings of its constituent words:

ck =
1

|Ck| ∑
i∈Ck

hi, Ck ̸= ∅, ck ∈ R300. (3)

The resulting cluster nodes provide an intermediate semantic representation between
individual lexical units and the task-level task-semantic node. During model training,
the initial cluster assignments remain fixed, while the corresponding node representations
are updated by the graph attention layers.
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3.4. Task-Semantic Node

Let t = (t1, t2, . . . , tm) denote a natural-language description of classification task T ,
where m is the number of tokens in the description. Because the proposed framework
operates in the same 300-dimensional static embedding space as the word and cluster nodes,
the task description is represented by mean-pooling the embeddings of its constituent
tokens:

hI =
1
m

m

∑
j=1

E(tj), hI ∈ R300. (4)

Mean pooling places hI in the same space and at the same scale as the mean-initialized
cluster nodes without introducing additional parameters or a separate encoder. Section 5.8
compares this choice with IDF-weighted and max pooling.

The resulting task-semantic representation is shared across documents belonging to
the same classification task. Consequently, the task-semantic node provides task-level
semantic information rather than document-specific contextual information. This design
avoids introducing a separate contextual language encoder and preserves the lightweight
computational structure of TC-HGAT. Because the representation is built from static word
embeddings, the model does not interpret the task description or model interactions
between its tokens; the node acts as a fixed task-conditioning vector rather than as an
instruction in the sense used for large language models.

Because hI is identical for every document within a task, it cannot by itself separate the
classes of a binary task. Any effect on classification must therefore come from its interaction
with the document-specific cluster nodes during attention-based message passing, or from
its contribution to the pooled graph representation. Section 5.6 separates these two routes.

The task-semantic node is connected to the virtual cluster nodes, allowing task-level
information to participate in message passing at the intermediate semantic level. The exact
task descriptions used in the experiments are reported in Appendix A.1.

3.5. Graph Topology and Edge Definition

The hierarchical graph is defined as GD = (V, E), where the edge set consists of
word–cluster connections EWC and task–cluster connections ETC:

E = EWC ∪ ETC. (5)

A word node vw
i is connected to a cluster node vc

k when the word belongs to cluster k,
that is, when i ∈ Ck. The task-semantic node vI is connected to every instantiated virtual
cluster node:

EWC = {(vw
i , vc

k) : i ∈ Ck}, (6)

and
ETC = {(vI , vc

k) : Ck ̸= ∅}. (7)

The graph is treated as undirected, and self-loops are added to all nodes to preserve
their own representations during attention-based message passing. No direct word–word
or task-node–word edges are introduced. Consequently, the explicit hierarchical structure
of the graph can be summarized as

Task-semantic node ⇐⇒ Virtual Clusters ⇐⇒ Words. (8)

This topology establishes the virtual clusters as intermediate semantic bottlenecks
through which information is exchanged between the lexical and task levels.

The task-semantic node is connected to the cluster layer rather than to the word
layer for two reasons. First, the number of task edges is then bounded by K and does not
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grow with document length. Second, because hI is identical for all documents in a task,
a direct edge to every word would add a largely document-independent term to every
word representation; connecting it to cluster nodes lets it interact with representations that
already aggregate document-specific content. With two attention layers, information from
vI still reaches the word nodes through the clusters. A variant that connects vI to both the
cluster and the word nodes is evaluated in Section 5.4.

3.6. GNN Message Passing

The hierarchical graph is processed using two successive Graph Attention Network
v2 (GATv2) layers. GATv2 enables the model to assign different attention weights to
neighboring nodes based on their current representations.

At layer l, the representation produced by attention head m for node i is expressed as

h(l+1,m)
i = σ

⎛⎝ ∑
j∈N (i)

α
(l,m)
ij W(l,m)h(l)j

⎞⎠, (9)

where N (i) denotes the neighborhood of node i, W(l,m) is a trainable linear transformation,
and σ(·) denotes the nonlinear activation function.

The attention coefficient is computed as

α
(l,m)
ij = Softmaxj

(︂
a(l,m)T LeakyReLU

(︂
W(l,m)

[︂
h(l)i ∥h(l)j

]︂)︂)︂
, (10)

where a(l,m) is a learnable attention parameter and ∥ denotes concatenation of the source
and target node representations.

Both graph attention layers use M = 4 attention heads. Each head produces a 300-
dimensional representation. Rather than concatenating the outputs of the four heads,
the head representations are averaged element-wise:

h(l+1)
i =

1
M

M

∑
m=1

h(l+1,m)
i . (11)

Consequently, the multi-head operation preserves a 300-dimensional node represen-
tation throughout the network. This dimensionality-preserving aggregation maintains
compatibility with the initial 300-dimensional word, cluster, and task-node representations.

Following graph message passing, a graph-level representation zD is obtained by
mean pooling over all nodes:

zD =
1
|V| ∑

i∈V
h(L)

i , (12)

where L = 2 denotes the number of graph attention layers.
In the default configuration, the pooling set V includes the task-semantic node vI

together with all word and cluster nodes. Because vI is a single node, its weight in zD is
1/|V| and decreases with document length. Part of its representation therefore reaches the
classification head directly, and not only through message passing. Section 5.6 evaluates
a variant in which vI is kept for message passing but excluded from the pooling, i.e.,
zD = 1

|VW |+|VC | ∑i∈VW∪VC
h(L)

i .
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3.7. Classification and Training Objective

The pooled graph representation zD is passed through a linear classification head
followed by a softmax function to obtain the predicted class probabilities:

ŷ = softmax(WozD + bo). (13)

The framework is trained using a class-weighted cross-entropy objective to account
for class imbalance:

L = −
C

∑
c=1

ωcyc log ŷc, (14)

where C denotes the number of target classes, yc is the ground-truth indicator for class c, ŷc

is the predicted probability for class c, and ωc is the class-specific weighting factor.
The use of class-weighted cross-entropy ensures that classes with fewer training

examples contribute proportionally to the optimization objective.

3.8. TC-HGAT Algorithm

Algorithm 1 summarizes the complete TC-HGAT procedure. Given a document D and
a task description t, the algorithm first obtains static word representations, assigns words to
up to K document-level clusters, and constructs the hierarchical graph. The task description
is then represented in the same embedding space and connected to the virtual cluster layer.
Graph attention message passing is subsequently applied, followed by graph-level mean
pooling and classification.

The cluster assignments are determined during graph construction and remain fixed
during model optimization. The graph neural network parameters and classification head
are optimized using the class-weighted cross-entropy objective described above. The exact
task descriptions are reported in Appendix A.1.

Algorithm 1 TC-HGAT: hierarchical graph classification with task-semantic conditioning

Require: Document D = (w1, . . . , wn), task description t = (t1, . . . , tm), embedding function E,
requested maximum number of clusters K

Ensure: Predicted class ŷ
1: Obtain word representations hi = E(wi), where hi ∈ R300.
2: Cluster the retained document word embeddings into up to K clusters and retain only observed

non-empty clusters.
3: Assign each document word to its observed cluster: Ck = {i : ki = k}.
4: Initialize each virtual cluster node: ck = 1

|Ck | ∑i∈Ck
hi, for Ck ̸= ∅.

5: Encode the task description: hI =
1
m ∑m

j=1 E(tj).
6: Construct the hierarchical graph V = VW ∪ VC ∪ {vI} and E = EWC ∪ ETC.
7: Connect each word to its assigned cluster and connect vI to every instantiated cluster node. Add

self-loops.
8: Apply two successive GATv2 layers: H(1) = GATv2(1)(G, H(0)) and H(2) = GATv2(2)(G, H(1)).

9: Obtain the graph representation: zD = 1
|V| ∑i∈V h(2)i (including vI).

10: Compute class probabilities: ŷ = softmax(WozD + bo).
11: During training, minimize the class-weighted cross-entropy loss and update the trainable graph

and classification parameters using AdamW.
12: Return ŷ = arg maxc ŷc.

4. Experimental Setup
4.1. Datasets

We evaluate the proposed method on three ESG text classification tasks from the
ClimateBERT benchmark: claim detection, statement specificity, and commitment iden-
tification. The claim detection dataset contains 1700 instances, while the specificity and
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commitment datasets each contain 1320 instances. All three tasks are formulated as binary
classification problems.

The test partitions correspond to the official test splits released with the ClimateBERT
datasets, comprising 400 instances for claim detection and 320 instances each for specificity
and commitment classification. For each task, the official training split was partitioned into
training and validation sets using stratified random sampling, with 20% of the original
training instances allocated to validation and a fixed random seed of 42. This procedure
yielded 1040 training and 260 validation instances for claim detection, and 800 training
and 200 validation instances for each of the other two tasks. The resulting partitions were
kept fixed across all models to ensure a controlled and reproducible comparison. Exact
duplicate documents and train–test overlaps were checked for and were absent from the
resulting datasets.

Table 1 summarizes the main characteristics of the three datasets. The tasks exhibit
different levels of class imbalance. The claim detection dataset is the most imbalanced,
with the majority class accounting for 77.65% of the instances. The specificity and commit-
ment datasets are more balanced, although their majority classes still represent 60.45% and
60.38% of the data, respectively. This class distribution motivates the use of macro-F1 as
the primary evaluation metric and class-weighted cross-entropy during model training.

Table 1. Statistics of the ESG classification datasets.

Statistic Claim Specificity Commitment

Total documents 1700 1320 1320
Train 1040 800 800
Validation 260 200 200
Test 400 320 320
Classes 2 2 2
Majority class 1 0 0
Majority proportion 77.65% 60.45% 60.38%

4.2. Baselines

The evaluation compares TC-HGAT against both shallow and deep architectures:

• Shallow Baseline: TF-IDF + Logistic Regression (LR).
• Transformer Baselines: TinyBERT [31], BERT-base [4], and ClimateBERT [6].
• Graph Baselines: Word-GCN (flat token graph), TextGCN [8], BertGCN [13],

and Hierarchical-GAT, the task-node-free hierarchical configuration developed as
the structural counterpart of TC-HGAT.

• Static-embedding Baselines: A fastText classifier [32], a BiLSTM initialized with
FastText-300D embeddings, and logistic regression over mean-pooled FastText-300D
sentence embeddings.

Baseline configurations. The Transformer baselines were initialized from the pre-
trained checkpoints huawei-noah/TinyBERT_General_4L_312D [31], bert-base-uncased
[4], and climatebert/distilroberta-base-climate-f [6]. All three models were fine-
tuned end-to-end with a linear classification head using the first-token representation and a
maximum sequence length of 128 tokens. TF-IDF + Logistic Regression used unigram and
bigram features, regularization strength C = 1.0, and class-balanced weights; because it is
deterministic, its standard deviation across seeds is zero. Word-GCN is a two-layer GCN
over a per-document word graph in which tokens are connected within a sliding window
of 5 tokens, using the same static embeddings, hidden dimension, and mean-pooling read-
out as TC-HGAT. TextGCN and BertGCN followed the corpus-level graph construction
principles of their respective original papers [8,13].
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Text-level versus corpus-level graphs. TC-HGAT, Hierarchical-GAT, and Word-GCN
build an independent graph for each document, whereas TextGCN and BertGCN build a
single corpus-level graph with inter-document edges. We use text-level graphs because
they are inductive: a new disclosure can be classified without rebuilding a corpus graph
or retraining, and the graph of each instance depends only on that instance [18,19]. As a
result, the comparison with TextGCN and BertGCN differs in both architecture and graph
construction. These baselines also have access to word co-occurrence statistics across
the whole corpus, including the unlabeled test documents, whereas TC-HGAT sees only
the document being classified. This comparison should therefore be read as a system-
level comparison between published graph approaches. The controlled comparisons that
isolate the effect of our design choices are those between Word-GCN, Hierarchical-GAT,
and TC-HGAT, which share the same per-document construction, embeddings, and training
protocol.

4.3. Embedding Families and Clustering Strategies

We evaluate GloVe-300D and FastText-300D static embeddings independently. FastText-
300D is used as the main embedding configuration, while GloVe-300D is evaluated as an
alternative embedding backbone in a dedicated sensitivity experiment. Virtual cluster
nodes are constructed using four clustering algorithms: K-Means (K = 10), Agglomerative
Clustering, Spectral Clustering, and DBSCAN [33–35]. For each document, clustering
is performed independently on the retained word embeddings of that document. Only
observed, non-empty clusters are instantiated as virtual cluster nodes. The requested
maximum number of clusters is selected as K = 10 for the main configuration, with the
sensitivity to alternative values of K evaluated separately in Section 5.12.

4.4. Task-Node Ablation Protocol

Six conditions are evaluated to test the contribution of the task-semantic node:

1. None: The task-node-free Hierarchical-GAT configuration, which uses the same word–
cluster hierarchical topology as TC-HGAT but does not include a task-semantic node.

2. Correct: The description of the target task.
3. Wrong ESG Task: The description of a different ESG task (e.g., passing the commitment

description to the claim task).
4. Unrelated: A non-ESG description (exact text in Appendix A.4).
5. Fixed random: A random 300-dimensional vector, drawn once and kept frozen during

training, placed in the position of the task-semantic node. Its entries are drawn
independently from the standard normal distribution N (0, 1) using PyTorch (version
2.1) with seed 42, and the same vector is used for all tasks and training seeds. Its L2
norm is 17.28, whereas the norms of the task vectors hI are 1.26, 1.32, and 1.20 for
Claim, Specificity, and Commitment, respectively, so the unscaled random vector is
about 13–14 times larger than the task vectors.

6. Norm-matched random: The same fixed random vector rescaled to the L2 norm of hI of
the target task, so that it has the same scale as the task vector but no task content.

All conditions that contain a task node (2–6) use the same graph topology, GNN
architecture, number of trainable parameters, data partitions, and training protocol; they
differ only in the content of the node vector. The comparison between Correct and Fixed
random therefore separates the effect of the task-description content from that of adding
a node. Because GATv2 attention scores depend on the scale of the node representations,
the norm-matched control additionally separates the content of the task vector from its
scale.
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4.5. Implementation Details and Training Configuration
4.5.1. Hardware and Computational Environment

All experiments were conducted on a single laptop equipped with an NVIDIA RTX
4070 Laptop GPU (8 GB VRAM; NVIDIA Corporation, Santa Clara, CA, USA) and 60 GB of
system memory. This configuration provides a constrained GPU-memory environment for
evaluating the computational requirements of the proposed architecture. All models were
implemented in Python (version 3.10) using PyTorch (version 2.1) and PyTorch Geometric
(version 2.4). The Transformer baselines used the Hugging Face Transformers library
(version 4.55.4); TF-IDF, logistic regression, and the clustering algorithms used scikit-learn
(version 1.7.2); and the fastText classifier and FastText embeddings used the fastText library
(version 0.9.3).

4.5.2. Training Configuration

We used a consistent training pipeline across TC-HGAT and the evaluated neural
baselines to ensure a controlled experimental comparison. Training was performed us-
ing mini-batches of 16 documents for 15 epochs. Optimization was carried out using
the AdamW optimizer [36], with an initial learning rate of 2 × 10−5. The loss function
was a class-weighted cross-entropy loss to account for class imbalance within the three
classification tasks.

In this shared protocol, no model-specific hyperparameter search was performed, so
that all neural models received the same optimizer, learning rate, batch size, and training
budget. A learning rate of 2 × 10−5 is a standard choice for fine-tuning pretrained Trans-
formers but is conservative for graph networks trained from random initialization; the
shared setting is therefore not expected to favor the graph-based models. To verify that the
comparison is not driven by this shared setting, every neural model was additionally tuned
on the validation partitions over learning rates {2 × 10−5, 5 × 10−5, 10−4, 5 × 10−4, 10−3},
dropout rates {0.1, 0.3, 0.5}, and 15 or 30 epochs. The configuration with the highest valida-
tion macro-F1 was selected for each model and task, and only then evaluated on the test
partition. The selected configurations are reported in Appendix B, and the corresponding
results in Section 5.3.

To account for stochastic variation in neural model training, the principal experiments
were independently repeated using three random seeds: 13, 42, and 77. The same fixed
train, validation, and test partitions were used across the corresponding experiments.
Unless otherwise stated, reported results are presented as mean ± standard deviation
across these three runs.

The graph hidden dimensionality was maintained at 300 dimensions across the two
GATv2 layers. Each layer employed four attention heads, with the individual head outputs
averaged element-wise so that the resulting node representation remained 300-dimensional
rather than being concatenated. A dropout rate of 0.5 was used throughout the graph
network. The default clustering configuration used a requested maximum of K = 10
clusters, as described in Section 4.3, unless otherwise specified in the corresponding sensi-
tivity experiments.

All other hyperparameters were kept fixed across the corresponding experiments to
isolate the effects of the architectural and representation choices under investigation. The
complete configuration is summarized in Table 2.

All configuration choices, including the number of clusters K, clustering algorithm,
embedding backbone, and task-description level, were selected using macro-F1 on the vali-
dation partitions only. Model selection followed a consistent checkpoint-selection protocol
across all experiments. The official test partitions were not used for training, checkpoint
selection, or hyperparameter tuning and were evaluated only after the experimental config-
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urations had been fixed. Sensitivity analyses in Section 5 report test-set performance across
configurations to characterize the effects of individual design choices.

Table 2. Summary of TC-HGAT implementation and hyperparameter settings.

Parameter Configured Value

Embedding backbone FastText-300D (default)
Input embedding dimension 300
Graph hidden dimension 300
Attention heads (M) 4
GNN layers (L) 2
Dropout rate 0.5
Requested maximum clusters (K) 10
Cluster initialization Mean of constituent word embeddings
Optimizer AdamW
Learning rate 2 × 10−5

Batch size 16
Training epochs 15
Loss function Class-weighted cross-entropy
Train/Validation/Test split Official test split; 20% of training split held out for validation
Checkpoint selection Best validation macro-F1 across 15 epochs
Random seeds 13, 42, 77
GPU NVIDIA RTX 4070 Laptop (8 GB)
System memory 60 GB
Framework PyTorch Geometric [37] (version 2.4)

4.6. Evaluation Metrics

Model performance is evaluated using two complementary classification metrics:
accuracy and macro-F1. Accuracy measures the overall proportion of correctly classified
instances:

Accuracy =
TP + TN

TP + TN + FP + FN
. (15)

Because the ESG tasks exhibit class imbalance, macro-F1 is used as the primary evalu-
ation metric. It computes the unweighted mean of the F1 scores obtained for the individual
classes:

Macro-F1 =
1
C

C

∑
c=1

F1c, (16)

where C is the number of classes and F1c is the F1 score for class c. Macro-F1 gives equal
importance to all classes and is therefore more informative than accuracy when the class
distribution is imbalanced.

5. Experimental Results
This section presents the empirical evaluation of the proposed TC-HGAT framework,

detailing the main comparative performance benchmarks, targeted ablation studies, hyper-
parameter sensitivities, and resource efficiency profile.

5.1. Main Performance Comparison

Table 3 compares accuracy and macro-F1 performance of the proposed TC-HGAT
model against conventional text-classification algorithms, static-embedding baselines,
Transformer-based architectures, and graph-based baselines across the three ESG clas-
sification tasks.
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Unless otherwise stated, the TC-HGAT results reported in this section use the FastText-
300D embedding backbone, the Detailed task description, and a requested maximum of
K = 10 clusters.

Table 3. Accuracy and macro-F1 (%) across the three ESG classification tasks. Values are reported
as mean ± standard deviation where available. Higher values indicate better performance. Params
denotes trainable parameters. For TC-HGAT, Hierarchical-GAT, and Word-GCN it excludes the
frozen static embeddings; for the BiLSTM it includes the fine-tuned embedding matrix, whose size
depends on the task vocabulary. The fixed-random control uses the same topology and trainable
parameters as TC-HGAT, with the task-node vector replaced by a frozen random vector.

Model Params
Claim Specificity Commitment

Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

TF-IDF + LR N/A 77.8 76.2 ± 0.0 74.1 73.0 ± 0.0 74.8 73.4 ± 0.0
Mean-pooled FastText + LR <1 K 84.3 83.5 ± 0.0 72.8 71.9 ± 0.0 73.6 72.6 ± 0.0
fastText classifier N/A 89.4 85.7 ± 0.0 77.2 74.6 ± 0.0 75.0 72.1 ± 0.0
BiLSTM (FastText-300D init.) ∼2.9–3.1 M 87.9 83.9 ± 2.10 77.2 72.9 ± 1.63 77.5 73.8 ± 1.18

TinyBERT ∼15 M 88.3 87.4 ± 0.7 76.1 74.8 ± 1.6 76.0 74.9 ± 1.6
BERT-base ∼110 M 92.1 91.6 ± 1.2 80.2 79.4 ± 0.6 78.1 77.0 ± 0.3
ClimateBERT ∼82 M 93.7 93.3 ± 0.6 79.5 78.6 ± 2.0 79.0 78.1 ± 0.1

Word-GCN ∼1 M 87.0 86.6 ± 0.9 74.5 73.4 ± 2.1 75.4 74.7 ± 1.8
TextGCN ∼2 M 85.4 85.0 ± 0.4 71.2 70.0 ± 0.7 71.5 70.0 ± 0.9
BertGCN ∼110 M 93.2 93.0 ± 0.06 78.8 78.0 ± 0.53 78.2 77.0 ± 0.8
Hierarchical-GAT (Ours, w/o task node) ∼1.4 M 89.4 88.9 ± 0.34 76.2 75.4 ± 0.84 75.8 74.8 ± 0.91
Hierarchical-GAT + fixed random node ∼1.4 M 88.6 88.1 ± 0.6 75.5 74.6 ± 1.1 74.9 74.0 ± 1.2

TC-HGAT (Ours) ∼1.4 M 95.1 94.6 ± 0.46 78.5 77.8 ± 0.04 80.1 79.3 ± 1.4

Bold indicates the proposed model (TC-HGAT); it does not mark the best value in each column.

TC-HGAT achieves the highest overall macro-F1 scores among the evaluated mod-
els for Claim and Commitment classification, reaching 94.6% and 79.3%, respectively.
For Specificity classification, TC-HGAT obtains a macro-F1 of 77.8%. Although this is below
BERT-base (79.4%) and ClimateBERT (78.6%), TC-HGAT remains competitive with the
Transformer-based and graph-based baselines while using substantially fewer trainable pa-
rameters.

TC-HGAT obtains a higher mean macro-F1 than ClimateBERT on Claim and Com-
mitment, although the differences (1.3 and 1.2 points) are not statistically significant
(Section 5.2).

The static-embedding baselines use the same pretrained FastText vectors as TC-HGAT
at a comparable or lower cost, and therefore test whether the graph structure adds value
beyond the embeddings themselves. Relative to the strongest of them on each task, TC-
HGAT improves macro-F1 by 8.9 points on Claim and 3.2 points on Specificity (over the
fastText classifier) and by 5.5 points on Commitment (over the BiLSTM), despite having
fewer trainable parameters than the BiLSTM. Even without the task node, Hierarchical-GAT
outperforms all static-embedding baselines on the three tasks (88.9%, 75.4%, and 74.8%
versus at most 85.7%, 74.6%, and 73.8%). The gains of TC-HGAT are therefore not explained
by the static embeddings alone.

Compared with the standard Word-GCN, TC-HGAT yields absolute macro-F1 im-
provements of 8.0 percentage points on Claim, 4.4 percentage points on Specificity, and 4.6
percentage points on Commitment. Relative to Hierarchical-GAT, the proposed model
achieves gains of 5.7, 2.4, and 4.5 percentage points, respectively.

Because the task-node vector is identical for every document within a task, it cannot
by itself separate the two classes; any gain must arise from how the node interacts with the
document-specific cluster representations. To separate the effect of the description content
from that of merely adding a node, the fixed-random control places a frozen random vector
in the same graph position as the task node. It has exactly the same topology and trainable
parameters as TC-HGAT, so the only difference is the content of the node. This control does
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not reproduce the gain: it reaches 88.1%, 74.6%, and 74.0% macro-F1 on Claim, Specificity,
and Commitment, 0.8 points below Hierarchical-GAT on each task and 6.5, 3.2, and 5.3
points below TC-HGAT. The improvement of TC-HGAT therefore depends on the content
of the task description rather than on the presence of an additional node. A norm-matched
version of this control, which removes differences in scale, gives the same conclusion
(Section 5.5).

TC-HGAT also obtains a higher mean macro-F1 than BertGCN on Claim (+1.6 points)
and Commitment (+2.3 points). On Specificity, however, BertGCN and ClimateBERT remain
competitive, indicating that this task is comparatively more difficult for the proposed
lightweight architecture.

5.2. Statistical Reliability and Per-Class Results

To assess whether the main differences are reliable, we computed 95% paired-bootstrap
confidence intervals of the macro-F1 difference over the test instances, with p values Holm–
Bonferroni-adjusted within each task (Table 4). Per-class F1 scores are reported in Table 5.

Table 4. Paired comparisons of macro-F1 (%). ∆ is the mean difference across the three seeds; CI is
the unadjusted 95% paired-bootstrap confidence interval; p values are Holm–Bonferroni-adjusted
within each task.

Claim Specificity Commitment

Comparison ∆ 95% CI p ∆ 95% CI p ∆ 95% CI p

TC-HGAT vs. Hierarchical-GAT +5.7 [4.1, 7.3] <0.001 +2.4 [0.6, 4.2] 0.012 +4.5 [2.6, 6.4] <0.001
TC-HGAT vs. ClimateBERT +1.3 [−0.2, 2.8] 0.19 −0.8 [−2.9, 1.3] 0.47 +1.2 [−1.1, 3.5] 0.31
Hierarchical-GAT vs. Word-GCN +2.3 [0.7, 3.9] 0.009 +2.0 [−0.3, 4.3] 0.088 +0.1 [−2.0, 2.2] 0.93

Table 5. Per-class F1 (%) on the test partitions, averaged over the three seeds. Class 1 denotes the
positive label (claim, specific, commitment).

Claim Specificity Commitment

Model F10 F11 F10 F11 F10 F11

ClimateBERT 89.4 97.2 82.1 75.1 81.9 74.3
BERT-base 87.0 96.2 82.6 76.2 80.8 73.2
Hierarchical-GAT 82.5 95.3 79.8 71.0 79.0 70.6
TC-HGAT 91.4 97.8 82.0 73.6 82.4 76.2

The improvement of TC-HGAT over Hierarchical-GAT is significant on all three tasks
(adjusted p ≤ 0.012). None of the differences between TC-HGAT and ClimateBERT is
statistically significant: the confidence intervals include zero on all three tasks, so TC-
HGAT is not significantly different from ClimateBERT on any task. For the hierarchy
ablation, only the Claim gain of Hierarchical-GAT over Word-GCN is significant, and the
Commitment gain of 0.1 points is not. On Specificity, the per-class results show that the
gap to the Transformer baselines comes mainly from the positive class: TC-HGAT obtains
an F1 of 73.6% on specific statements, compared with 75.1% for ClimateBERT and 76.2%
for BERT-base, whereas its F1 on non-specific statements (82.0%) is on par with both.

5.3. Effect of Tuning the Baselines

Table 6 reports the test results of each neural model after validation-based tuning
(Section 4.5).

After tuning, the ranking in Table 3 is preserved. TC-HGAT retains the highest mean
macro-F1 on Claim (95.0%) and Commitment (79.6%), and remains below BERT-base,
ClimateBERT, and BertGCN on Specificity. Tuning improves the Transformer baselines by
0.3–0.9 points and the graph baselines by 0.2–1.6 points, with the largest gains for TextGCN,
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consistent with the shared learning rate being conservative for randomly initialized graph
networks. TC-HGAT itself gains only 0.3–0.4 points, so its margin over Hierarchical-GAT
narrows slightly to 5.3, 2.2, and 4.2 points. The main conclusions are therefore not an
artifact of the shared training protocol.

Table 6. Macro-F1 (%) on the test partitions after validation-based tuning of each neural model (mean
± standard deviation over seeds). Selected configurations are listed in Appendix B.

Model Claim Specificity Commitment

TinyBERT 88.1 ± 0.6 75.6 ± 1.3 75.8 ± 1.2
BERT-base 92.0 ± 0.9 79.7 ± 0.7 77.6 ± 0.6
ClimateBERT 93.6 ± 0.5 79.1 ± 1.2 78.5 ± 0.4
Word-GCN 87.4 ± 0.8 74.2 ± 1.5 75.3 ± 1.3
TextGCN 86.2 ± 0.5 71.4 ± 0.8 71.6 ± 0.9
BertGCN 93.2 ± 0.3 78.4 ± 0.6 77.5 ± 0.7
Hierarchical-GAT 89.7 ± 0.4 76.0 ± 0.7 75.4 ± 0.8
TC-HGAT 95.0 ± 0.4 78.2 ± 0.5 79.6 ± 0.9

5.4. Structural Hierarchy Ablation

To separate the contribution of the cluster layer from that of the task-semantic node,
Table 7 compares flat and hierarchical graphs, each with and without the task node. In the
flat graphs, no cluster layer exists, so the task node vI is connected directly to all word
nodes. All GATv2 configurations use the same embeddings, readout, and training protocol.
The effect of the content of the task description (correct, mismatched, or unrelated) is
analyzed separately in Section 5.5.

Table 7. Effect of the cluster layer and of the task-semantic node. Macro-F1 (%), mean ± standard
deviation. Accuracies of the main configurations are reported in Table 3.

Graph Task Node Task-Node Edges Claim Specificity Commitment

Flat (Word-GCN) No – 86.6 ± 0.9 73.4 ± 2.1 74.7 ± 1.8
Flat (GATv2) No – 87.4 ± 0.7 74.0 ± 1.6 74.9 ± 1.4
Flat (GATv2) Yes words 89.8 ± 0.6 74.9 ± 1.2 76.8 ± 1.1

Hierarchical-GAT No – 88.9 ± 0.34 75.4 ± 0.84 74.8 ± 0.91
TC-HGAT (default) Yes clusters 94.6 ± 0.46 77.8 ± 0.04 79.3 ± 1.4
Hierarchical Yes clusters + words 94.1 ± 0.5 77.3 ± 0.6 78.8 ± 1.0

Bold indicates the default TC-HGAT configuration, which gives the highest values in all columns.

Effect of the cluster layer. Adding virtual cluster nodes to the flat Word-GCN increases
macro-F1 by 2.3 points on Claim (86.6% to 88.9%) and 2.0 points on Specificity (73.4% to
75.4%), whereas the change on Commitment (+0.1 points) is negligible. Only the Claim
gain is statistically significant (Section 5.2). Relative to the flat GATv2 graph, which uses
the same layer type, the changes are +1.5, +1.4, and −0.1 points. On its own, the cluster
layer therefore provides a modest and task-dependent improvement.

Effect of the task-semantic node. Adding the task node improves macro-F1 in both graph
types: by 2.4, 0.9, and 1.9 points in the flat GATv2 graph, and by 5.7, 2.4, and 4.5 points in
the hierarchical graph (Claim, Specificity, Commitment). The gain from task conditioning is
therefore larger when the cluster layer is present, which is consistent with task information
being integrated more effectively through cluster-level representations than through direct
connections to individual words; a formal interaction test would be needed to establish this
statistically. Finally, connecting the task node to both clusters and words gives 0.5 points
less than the default cluster-only connection on each task, which supports the cluster-only
design described in Section 3.5.
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5.5. Task-Node Ablation

To determine whether the performance gains depend on the content of the task de-
scription rather than on the addition of a node, Table 8 evaluates the six conditions defined
in Section 4.4: no task node, the correct task description, the description of a different
ESG task, an unrelated description, a fixed random vector, and its norm-matched version.
Figure 2 summarizes the effect of these conditions.

Figure 2. Effect of the task-node condition across the three ESG tasks.

Table 8. Ablation of the task-semantic node using accuracy and macro-F1 (%).

Condition Claim Specificity Commitment

Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

None 89.4 88.9 76.2 75.4 75.8 74.8
Correct 95.1 94.6 78.5 77.8 80.1 79.3
Wrong ESG Task 90.8 90.1 77.0 76.2 76.8 75.6
Unrelated 88.9 88.4 75.7 74.8 75.1 74.1
Fixed random 88.6 88.1 75.5 74.6 74.9 74.0
Norm-matched random 88.9 88.5 75.3 74.7 75.4 74.3

Bold indicates the condition used by TC-HGAT (correct task description), which gives the highest values in all
columns.

The correct task description produces the strongest performance across all three
classification tasks. Relative to the configuration without a task node, macro-F1 increases
by 5.7 percentage points on Claim, 2.4 points on Specificity, and 4.5 points on Commitment.

The description of a different ESG task does not completely eliminate the benefit of
conditioning. Instead, it produces intermediate performance, with macro-F1 values of
90.1%, 76.2%, and 75.6% for Claim, Specificity, and Commitment, respectively. A plausible
explanation is that the ESG task descriptions share part of their vocabulary, so their mean-
pooled vectors are partly similar to the correct one; the further the vector is from the correct
description, the smaller the gain.

The unrelated description and the fixed random vector both perform 0.5–0.8 points
below the configuration without a task node. Rescaling the random vector to the L2 norm
of hI does not change this result: the norm-matched control reaches 88.5%, 74.7%, and 74.3%
macro-F1 on Claim, Specificity, and Commitment, 0.4–0.7 points below the configuration
without a task node and 6.1, 3.1, and 5.0 points below the correct description. It improves
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on the unscaled random vector by only 0.1–0.4 points, so the scale of the added vector has
little effect, and the gain of the correct description cannot be attributed to it. These controls
show that adding a node to the graph, whether it carries an unrelated text representation
or no semantic content at all, and whether or not its scale matches that of the task vector,
does not improve classification. Rather, the relevance of the task description determines
whether message passing through the task-semantic node is beneficial.

5.6. Ablation on Task-Node Readout

In the default configuration, the task node vI is included in the mean-pooled graph
representation zD (Section 3.6), so part of its representation reaches the linear classification
head directly. To test whether the gains depend on this direct contribution, each configu-
ration with a task node was retrained with vI excluded from the readout, while keeping
it in the graph for message passing. The document representation then aggregates only
the word and cluster nodes. The configuration without a task node is unaffected by this
change. Results are reported in Table 9.

Table 9. Macro-F1 (%) with and without the task node vI in the graph-level readout (mean ± standard
deviation over seeds). The “with vI” values are those of Tables 3 and 8.

Claim Specificity Commitment

Condition with vI without vI with vI without vI with vI without vI

None (no task node) 88.9 ± 0.34 75.4 ± 0.84 74.8 ± 0.91
Correct 94.6 ± 0.46 93.6 ± 0.6 77.8 ± 0.04 76.3 ± 0.8 79.3 ± 1.4 78.2 ± 1.2
Wrong ESG Task 90.1 ± 0.6 88.8 ± 0.7 76.2 ± 0.9 74.3 ± 1.0 75.6 ± 1.0 74.3 ± 1.1
Unrelated 88.4 ± 0.5 87.6 ± 0.6 74.8 ± 1.0 73.2 ± 1.1 74.1 ± 0.9 73.0 ± 1.0
Fixed random 88.1 ± 0.6 87.2 ± 0.7 74.6 ± 1.1 73.2 ± 1.2 74.0 ± 1.2 73.1 ± 1.2

Excluding vI from the readout lowers macro-F1 by 0.8–1.9 points across the conditions
with a task node. For the correct description, the decrease is 1.0, 1.5, and 1.1 points, to 93.6%,
76.3%, and 78.2%. On Claim and Commitment, the correct condition then remains 4.7
and 3.4 points above the configuration without a task node, retaining most of its original
advantage (5.7 and 4.5 points). On Specificity, however, the remaining margin is only 0.9
points (76.3% versus 75.4%), which is comparable to the standard deviations across seeds
(0.8 and 0.84 points) and is therefore unlikely to be statistically reliable. We thus do not
claim that the advantage of the correct description is retained on Specificity once vI is
excluded from the readout. Every other condition, including the fixed random vector, falls
below the configuration without a task node once vI is excluded. These results support the
interpretation that, on Claim and Commitment, the task-description vector acts mainly by
modulating the cluster and word representations through message passing, whereas on
Specificity a larger share of its benefit depends on the readout contribution. The ablation
does not, however, establish message passing as the only mechanism.

Why the readout contribution is not a linear injection of the task vector. Because hI is
identical for all documents of a task, concatenating the input vector hI to zD before the
linear head would give Wo[zD; hI ] + bo = W(z)

o zD + (W(I)
o hI + bo), where the term in

parentheses is the same for every document and can already be represented by the learned
bias bo; adding hI to zD leads to the same conclusion. Such a direct injection is therefore a
reparameterization of the bias and does not increase the expressiveness of the classifier, so
we did not evaluate it as a separate control. The vector that enters the readout in TC-HGAT
is instead h(L)

I , the state of vI after two GATv2 layers, which differs between documents
because vI attends to and aggregates the document-specific cluster nodes, and which is
weighted by 1/|V|, a quantity that depends on document length. The 1.0–1.5-point readout
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contribution of the correct description therefore arises from this document-dependent state
produced by message passing, not from a constant shift of the logits.

5.7. Robustness to Task-Description Paraphrases

To test whether the improvement depends on the specific wording of the Detailed
task descriptions, each Detailed description was rewritten in three semantically equivalent
paraphrases (Appendix A.3) that preserve the task definition but change word choice and
sentence structure. The paraphrases were written by the authors and fixed before any test
evaluation. Each paraphrase was used in place of the original description under the same
training protocol, with all other settings unchanged. The results are reported in Table 10.

Table 10. Macro-F1 (%) with the original Detailed task description and with three paraphrases
(P1–P3). The mean and standard deviation are computed across the four formulations. None is the
task-node-free Hierarchical-GAT configuration.

Task Description Claim Specificity Commitment

Original (Detailed) 94.6 77.8 79.3
Paraphrase P1 94.2 77.4 79.0
Paraphrase P2 93.9 77.6 78.6
Paraphrase P3 94.4 77.1 79.1

Mean ± SD across formulations 94.3 ± 0.3 77.5 ± 0.3 79.0 ± 0.3

None (no task node) 88.9 75.4 74.8

Across the four formulations, macro-F1 varies by at most 0.7 points on each task,
and every paraphrase remains at least 5.0, 1.7, and 3.8 points above the configuration
without a task node on Claim, Specificity, and Commitment, respectively. The improvement
therefore does not depend on one particular wording of the description. The mean-pooled
embeddings of the original and paraphrased descriptions have an average cosine similarity
of 0.94. This high similarity is expected, because averaging static embeddings of near-
synonyms produces similar vectors, and it means that this experiment tests robustness to
rewording rather than to substantially different formulations of the task.

5.8. Sensitivity to Task-Description Pooling

To test whether the results depend on mean pooling, Table 11 compares it with two
alternatives that remain in the 300-dimensional static embedding space and add no trainable
parameters: IDF-weighted averaging, using IDF values computed on the training partition,
and element-wise max pooling.

Table 11. Macro-F1 (%) for different pooling operators used to build hI from the Detailed description
(mean ± standard deviation over the three seeds).

Pooling Claim Specificity Commitment

Mean (default) 94.6 ± 0.46 77.8 ± 0.04 79.3 ± 1.4
IDF-weighted mean 94.5 ± 0.5 78.0 ± 0.7 79.2 ± 1.0
Max 92.7 ± 0.7 76.6 ± 0.9 77.9 ± 1.1

No task node 88.9 ± 0.34 75.4 ± 0.84 74.8 ± 0.91

IDF-weighted averaging performs within 0.2 points of mean pooling on all three
tasks, a difference smaller than the standard deviations across seeds, whereas max pooling
lowers macro-F1 by 1.9, 1.2, and 1.4 points. All pooling variants nevertheless remain above
the configuration without a task node on every task, so the benefit of the task-semantic
node does not depend on the choice of pooling operator, although averaging operators are
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preferable. Max pooling likely performs worse because it produces a vector that lies outside
the region spanned by the mean-initialized cluster nodes, which weakens the compatibility
between the task node and its neighbors.

5.9. Sensitivity to Task-Description Detail

We further investigate the sensitivity of TC-HGAT to the level of detail provided in
the task description. Four levels of detail are considered: Minimal, Standard, Detailed,
and Expert. The Minimal description provides only the essential task definition, while
the Standard description introduces additional contextual information. The Detailed
description provides explicit ESG-related terms and corresponds to the configuration
used in the main TC-HGAT model. The Expert description further increases the level of
descriptive detail. The results are reported in Table 12.

Table 12. Sensitivity of TC-HGAT to task-description detail. Values are reported as Accuracy/Macro-
F1 (%).

Description Level Claim Specificity Commitment

Minimal 91.8/90.9 ± 0.5 76.8/76.0 ± 0.4 77.6/76.7 ± 0.5
Standard 93.7/92.9 ± 0.4 77.6/76.9 ± 0.3 79.1/78.3 ± 0.4
Detailed (Base) 95.1/94.6 ± 0.46 78.5/77.8 ± 0.04 80.1/79.3 ± 1.4
Expert 94.6/94.0 ± 0.5 78.2/77.5 ± 0.4 79.7/78.9 ± 0.5

Bold indicates the default description level (Detailed), which gives the highest values in all columns.

The results show that performance improves as the description becomes more detailed,
up to the Detailed configuration. For Claim, macro-F1 increases from 90.9% with the
Minimal description to 92.9% with the Standard description and 94.6% with the Detailed
description. For Specificity, the values are 76.0%, 76.9%, and 77.8% for the Minimal,
Standard, and Detailed descriptions, respectively. For Commitment, the corresponding
values are 76.7%, 78.3%, and 79.3%.

The Detailed description, which was selected as the default on the validation partitions,
also gives the best test results. However, making the description more detailed with the
Expert configuration does not improve the results. Instead, performance decreases slightly
for all three tasks. Because the task vector is a mean over all description tokens, a longer
description can dilute the most task-specific words with more general ones.

Overall, the results show that the content of the description is more important than
simply making it longer. A detailed description gives a more informative task vector for
conditioning the cluster representations, while adding too much information does not lead
to better results.

5.10. Static Embedding Sensitivity

Table 13 compares the main FastText-300D configuration with the alternative GloVe-
300D embedding backbone.

Table 13. Performance comparison between GloVe and FastText static backbones in TC-HGAT (%).

Embedding Claim Specificity Commitment

Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

GloVe 94.6 94.1 77.8 77.0 79.2 78.4
FastText 95.1 94.6 78.5 77.8 80.1 79.3

Bold indicates the default embedding backbone (FastText), which gives the highest values in all columns.
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The results indicate a consistent but moderate advantage for FastText across all three
downstream tasks. FastText improves macro-F1 by 0.5 percentage points on Claim, 0.8
points on Specificity, and 0.9 points on Commitment.

The improvement is accompanied by small gains in both evaluation metrics, rather
than a large shift toward a single metric. This pattern suggests that subword-level represen-
tations may provide useful coverage for technical ESG terminology and domain-specific vo-
cabulary.

Nevertheless, the magnitude of the improvement remains modest, indicating that the
principal performance gains of TC-HGAT are unlikely to be explained solely by the choice
of static embedding backbone.

5.11. Clustering Strategy Evaluation

Table 14 evaluates the sensitivity of TC-HGAT to the algorithm used for virtual cluster
construction. K-Means, Agglomerative, and Spectral clustering are evaluated with a
predefined number of clusters, whereas DBSCAN determines the number of clusters from
the local density of token representations. Consequently, the requested cluster count K = 10
applies to the fixed-cardinality clustering methods and does not constrain the number of
clusters produced by DBSCAN.

Table 14. Impact of clustering algorithms on TC-HGAT classification performance (%).

Clustering Claim Specificity Commitment

Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

K-Means 95.1 94.6 78.5 77.8 80.1 79.3
Agglomerative 94.4 93.9 77.9 77.1 79.3 78.5
Spectral 94.0 93.5 77.6 76.8 79.8 79.1
DBSCAN 91.8 91.2 78.0 77.4 77.3 76.8

Bold indicates the default clustering algorithm (K-Means), which gives the highest values in all columns.

K-Means, selected as the default configuration using the validation partitions, also
achieves the strongest overall test performance across the three tasks.

Agglomerative and Spectral clustering remain competitive with K-Means. Relative
to K-Means, Agglomerative clustering yields macro-F1 scores lower by 0.7, 0.7, and 0.8
percentage points for Claim, Specificity, and Commitment, respectively. The corresponding
differences for Spectral clustering are 1.1, 1.0, and 0.2 percentage points. These results
indicate that the hierarchical representation can accommodate alternative partitioning
strategies, although K-Means achieves the strongest overall performance in this evaluation.

DBSCAN exhibits a more task-dependent performance pattern. Its hyperparameters
were tuned using the validation partitions over a grid of 15 configurations, with eps ∈
{0.1, 0.2, 0.3, 0.4, 0.5} and min_samples ∈ {2, 3, 5}, using cosine distance throughout.
The results reported in Table 14 correspond to the selected configuration, eps = 0.4 and
min_samples = 5. Relative to K-Means, DBSCAN achieves macro-F1 scores lower by
3.4 percentage points for Claim and 2.5 percentage points for Commitment, whereas the
difference for Specificity is only 0.4 percentage points. Thus, DBSCAN remains competitive
for Specificity but performs less effectively on Claim and Commitment under the evaluated
configuration. These differences may reflect the sensitivity of density-based clustering to
the distribution and local density of token representations, which can affect the resulting
hierarchical graph structure.

Unlike fixed-cardinality clustering methods, DBSCAN can produce a variable number
of clusters and may classify individual tokens as noise. Noise tokens are retained as word-
token nodes in the graph but are not assigned to virtual cluster nodes. Virtual cluster nodes
are created only for non-empty clusters. If DBSCAN produces no clusters for a document,
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the graph retains the task-semantic node and word-token nodes without virtual cluster
nodes. Because all edges pass through the cluster layer, these nodes then have no edges
other than self-loops, and the prediction depends only on the readout of their individually
transformed representations; this occurred for nearly 2% of documents. This handling
preserves the token-level representation and allows documents for which density-based
clustering identifies no clusters to be processed within the TC-HGAT framework.

5.12. Sensitivity to the Number of Semantic Clusters

The requested maximum number of clusters K determines the granularity of the
intermediate representation in the hierarchical graph. A small value of K produces a
coarse semantic organization, whereas larger values allow a finer partition of the retained
word embeddings within each document. For the K-Means clustering configuration, we
therefore evaluate TC-HGAT with K ∈ {2, 5, 10, 15, 20} while keeping the remaining model
configuration fixed. Because clustering is performed independently for each document,
the realized number of virtual cluster nodes may be smaller than the requested value of K.
The results are reported in Table 15.

Table 15. Sensitivity of TC-HGAT to the number of semantic clusters K. Values are reported as
Accuracy/Macro-F1 (%).

K Claim Specificity Commitment

2 93.2/92.5 77.0/76.3 78.6/77.8
5 94.3/93.7 77.8/77.1 79.5/78.7
10 (Base) 95.1/94.6 ± 0.46 78.5/77.8 ± 0.04 80.1/79.3 ± 1.4
15 94.8/94.2 78.2/77.5 79.8/79.0
20 94.5/93.9 77.9/77.2 79.5/78.7

Bold indicates the default number of clusters (K = 10), which gives the highest values in all columns.

The results show that the choice of K has a measurable effect on classification perfor-
mance across the three ESG tasks. Using only two clusters produces a relatively coarse
semantic partition and results in lower performance, with macro-F1 scores of 92.5%, 76.3%,
and 77.8% for Claim, Specificity, and Commitment, respectively. Increasing the number of
clusters to K = 5 improves these scores to 93.7%, 77.1%, and 78.7%.

Within the K-Means configuration, the best overall performance is obtained with
K = 10, which corresponds to the base TC-HGAT configuration. At this setting, the model
achieves macro-F1 scores of 94.6% for Claim, 77.8% for Specificity, and 79.3% for Commit-
ment. Increasing the number of clusters beyond this point does not provide additional
gains. With K = 15, macro-F1 decreases slightly to 94.2%, 77.5%, and 79.0%, while K = 20
produces 93.9%, 77.2%, and 78.7%, respectively.

This behavior suggests that an intermediate level of semantic granularity is beneficial
for the hierarchical representation. When K is too small, semantically distinct words may be
grouped into overly broad clusters, limiting the discriminative capacity of the cluster-level
representation. Conversely, increasing K beyond 10 may produce increasingly fine-grained
clusters without providing sufficient additional semantic structure to improve classification.

Overall, K = 10, which was selected on the validation partitions, also gives the best test
results, providing a balance between coarse and overly fragmented semantic organization.
The relatively small performance variations around this value also indicate that TC-HGAT
is not excessively sensitive to moderate changes in the number of clusters.
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5.13. Training Dynamics

To examine optimization behavior and model convergence, Figure 3 plots the training
and validation loss and macro-F1 convergence of TC-HGAT on the Claim detection task
over 15 epochs.

The observed training behavior is characterized by a rapid reduction in training loss
during the first six epochs, decreasing from above 0.90 to approximately 0.45, followed by a
more gradual convergence toward 0.20 by epoch 15. Validation loss decreases concurrently
and stabilizes around 0.28. The relatively small and stable difference between the training
and validation curves does not indicate substantial overfitting during the observed 15-
epoch training period.

The corresponding training and validation macro-F1 scores increase rapidly during
the initial epochs, reaching approximately 85–89% by epoch 7, before entering a more stable
region. The validation macro-F1 remains close to the training trajectory throughout the later
epochs and reaches slightly above 94% by epoch 15. The overall alignment between training
and validation performance is consistent with stable optimization and suggests that the
model maintains similar performance on the validation data throughout the observed
training period.

Figure 3. Training and validation loss (left) and macro-F1 (right) for TC-HGAT on the Claim detection
task over 15 epochs.

5.14. Computational Efficiency Profiling

We assess computational cost through four distinct quantities: the number of trainable
parameters, the storage required by the frozen static embeddings, peak allocated GPU
memory during training, and amortized inference time per document. These quantities
capture different aspects of cost and are not interchangeable. Peak GPU memory and
inference time are shown in Figures 4 and 5, respectively.
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Figure 4. Peak allocated GPU memory during training across the evaluated models. Markers repre-
sent the midpoints of the observed ranges, and vertical lines indicate the minimum and maximum
values. For TC-HGAT, the frozen embedding table and the clustering step reside on the CPU and are
not included. Values are rounded to the nearest 0.1 GB.

Figure 5. Amortized inference time per document across the evaluated models, using mini-batches of
16 documents. Markers represent the midpoints of the observed ranges, and vertical lines indicate the
minimum and maximum values. For TC-HGAT, the values include embedding lookup, per-document
clustering, and graph construction (Table 16).

Measurement protocol. All neural models were trained and evaluated with mini-
batches of 16 documents. Peak allocated GPU memory during training was measured
using PyTorch’s CUDA memory statistics, with peak statistics reset at the beginning of each
training run. The reported ranges span the three tasks and the random seeds. Inference time
is the wall-clock time required to classify the full test partition after warm-up, divided by
the number of test documents. It is therefore an amortized time per document, not a single-
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document response latency. The timing scope depends on the preprocessing required by
each model family. For the Transformer baselines, the measurement covers tokenization and
the forward pass. For TC-HGAT, it covers the complete end-to-end pipeline: tokenization,
CPU embedding lookup, per-document clustering, graph construction, and the GATv2
forward pass with classification.

Word-GCN and Hierarchical-GAT were timed with the same end-to-end procedure
as TC-HGAT. For TextGCN and BertGCN, which classify the test documents as nodes of
a precomputed corpus-level graph, the measurement covers the forward pass over that
graph; the time needed to build the corpus graph is not included.

These figures describe the evaluated implementations on the hardware described in
Section 4.5, rather than architecture-only costs.

Trainable parameters and embedding storage. TC-HGAT has approximately 1.4 million
trainable parameters in its GATv2 layers and classification head. This count excludes the
frozen 300-dimensional FastText embeddings, so it measures the number of parameters
optimized during training, not the total size of the system. A direct comparison with the
parameter counts of fine-tuned Transformers, which include their own embedding matrices,
is therefore not a like-for-like comparison of model size.

The frozen embeddings instead incur a CPU-memory cost. In single precision, each
word vector occupies 300 × 4 = 1200 bytes, so a table of two million vectors requires 2.4 GB
of raw vector storage, plus indexing overhead and, if loaded, FastText subword information.
Restricting the table to the vocabulary of the data reduces this cost substantially, but a
pruned word-level table loses the subword support for unseen words. We therefore do not
claim that TC-HGAT has lower total memory requirements than the Transformer baselines.

Peak GPU memory during training. TC-HGAT used approximately 0.3–0.7 GB of peak
allocated GPU memory during training, compared with approximately 2.5–5 GB for Cli-
mateBERT and 3–6 GB for BERT-base (Figure 4), and was successfully trained on the 8 GB
laptop GPU used in this study. This advantage concerns GPU memory during training
only; CPU-resident embeddings and preprocessing structures are not included.

Amortized inference time. End-to-end, TC-HGAT required approximately 5–12 ms
per document (Figure 5). This is comparable to ClimateBERT (4–12 ms) and BERT-base
(5–15 ms) and higher than TinyBERT (1–4 ms) and TF-IDF with logistic regression, so
TC-HGAT offers no general inference-speed advantage. Table 16 decomposes this time on
the Claim test set.

Table 16. Amortized inference time of TC-HGAT by processing stage on the Claim test set (ms per
document, mini-batches of 16 documents).

Processing Stage Time (ms/Document)

Tokenization and embedding lookup (CPU) 0.6
Per-document clustering (K-Means, CPU) 5.1
Graph construction (CPU) 0.9
GATv2 forward pass and classification (GPU) 1.8

End-to-end total 8.4

Per-document clustering accounts for approximately 61% of the end-to-end time,
whereas the GATv2 forward pass and classification account for approximately 21%. Pre-
processing, not the graph network, therefore dominates the inference cost of TC-HGAT.
Because the clusters depend only on the document and not on the task or the trained param-
eters, they could be computed once and reused, for example when the same documents are
classified for several tasks. We did not measure such a cached pipeline, however, and the
1.8 ms of the forward-pass stage should not be read as its end-to-end latency, since graph
retrieval, batching, and CPU–GPU transfer would add to it.
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Interpretation. Overall, TC-HGAT offers a favorable trade-off between accuracy and
GPU memory during training: it reaches 94.6% macro-F1 on Claim and 79.3% on Commit-
ment while optimizing approximately 1.4 million parameters and using less peak allocated
GPU memory during training than the Transformer baselines. This comes at the cost of CPU
storage for the frozen embeddings and of clustering and graph construction at inference
time. TC-HGAT is therefore best suited to settings where GPU memory for training is
constrained and these CPU-side costs are acceptable; the results do not support a general
claim of lower total memory use or faster inference.

5.15. Discussion

The empirical results support the view that hierarchical semantic aggregation and
task-semantic conditioning provide complementary information for ESG text classification.

The structural ablation shows that the cluster layer on its own has a modest and
task-dependent effect. Relative to the flat Word-GCN configuration, it increases macro-
F1 by 2.3 points on Claim (86.6% to 88.9%), 2.0 points on Specificity, and 0.1 points on
Commitment, and only the Claim gain is statistically significant (p = 0.009; Specificity
p = 0.088; Commitment p = 0.93). The larger and consistently significant gains of TC-
HGAT come from the task-semantic node, whose effect is larger in the hierarchical graph
than in the flat one (Section 5.4). This is consistent with the cluster layer acting mainly as
the structure through which task conditioning operates, rather than as an independent
source of large gains.

The task-node ablation provides further evidence that a relevant task representation
contributes to the final document representation. Relative to the hierarchical configuration
without a task node, the correct description produces gains of 5.7, 2.4, and 4.5 macro-F1
points on Claim, Specificity, and Commitment, respectively. A mismatched ESG description
produces much smaller gains, while an unrelated description and a fixed random vector,
including its norm-matched version, perform slightly below the configuration without a
task node. Together, these controls indicate that the benefit of the task-semantic node de-
pends on the content of the task representation rather than on the presence of an additional
graph node. Because this representation is a fixed mean of static embeddings, the effect
should be understood as task conditioning rather than as instruction following.

The embedding experiment shows that the choice of static embedding also affects per-
formance. FastText-300D, used as the main embedding configuration, improves macro-F1
over GloVe-300D by 0.5, 0.8, and 0.9 percentage points for Claim, Specificity, and Commit-
ment, respectively. Although this effect is consistent, it is smaller than the improvements
observed from the principal architectural ablations, suggesting that the hierarchical and
task-conditioning components play an important role in the observed performance.

The clustering experiments further indicate that the model is reasonably robust to
the choice of clustering method. K-Means provides the strongest overall results, while
Agglomerative and Spectral clustering remain competitive. The lower performance of
DBSCAN on Claim and Commitment suggests that density-based grouping may be less
suitable for constructing stable semantic clusters in the present embedding space.

The main comparison also highlights an important limitation. TC-HGAT obtains
the highest mean macro-F1 on Claim and Commitment but not on Specificity, where it is
1.6 points below BERT-base, 0.8 points below ClimateBERT, and 0.2 points below BertGCN.
Several results indicate that Specificity is the task on which the proposed components
help least: the task-semantic node improves macro-F1 by only 2.4 points, compared with
5.7 and 4.5 points on Claim and Commitment, and once the node is excluded from the
readout, the remaining margin over the configuration without a task node is only 0.9 points.
Several properties of the current design plausibly contribute to this gap. First, specificity
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depends heavily on numerals, dates, and named programs or entities (for example, a 30%
reduction by 2030 versus a commitment to significant reductions). Static embeddings
represent such tokens poorly: GloVe has no vectors for most unseen numeric strings and
names, and FastText composes them from character n-grams, which encode surface form
rather than meaning or role in the sentence. Second, clustering is performed in this static
embedding space, so numeric and temporal tokens may be grouped with one another
rather than with the words they qualify, and mean pooling at the cluster and graph levels
further dilutes the few tokens that make a statement specific. Third, the specific–vague
distinction often depends on the relation between a quantity and its referent (what is
reduced, by how much, and by when), which contextual encoders model directly but
which our graph, having no word–word edges, represents only through shared cluster
membership. Finally, this task has the most heterogeneous notion of the positive class: the
Detailed description lists actions, targets, quantities, dates, and measurements, whereas the
Claim and Commitment descriptions are organized around a single linguistic act. The per-
class results in Table 5 confirm that the gap comes mainly from missed specific statements:
TC-HGAT matches the Transformer baselines on non-specific statements (82.0% F1) but
trails them on specific ones (73.6% versus 75.1% and 76.2%). Contextual representations may
therefore remain advantageous when classification depends on fine-grained distinctions
between otherwise similar statements.

A qualitative inspection of the Specificity test predictions supports this interpreta-
tion. Several specific statements that TC-HGAT misclassifies as non-specific are classified
correctly by ClimateBERT, but only with low confidence (p < 0.70), which indicates that
they are borderline cases even for a contextual model. Most of these statements contain no
explicit ESG quantity; their specificity comes mainly from the names of concrete programs
and entities, such as Pronaf and the ABC Low Carbon Agriculture Program, a named farm
project, or a regulatory authority and its decision dates, or from the description of a concrete
industrial process (battery recycling to recover nickel, cobalt, and lithium). Such names are
rare or absent from the FastText vocabulary, so their vectors are composed from character
n-grams. These vectors reflect the surface form of the name rather than what the program
is, and, being static, they do not change with the surrounding context. Mean pooling at the
cluster and graph levels further dilutes these few informative tokens. A contextual encoder
such as ClimateBERT can instead infer from the surrounding words (e.g., financial facilities,
program, approved) that a specific, identifiable initiative is being described, which allows it
to classify these statements correctly, albeit with low confidence.

Overall, the experiments support the combination of hierarchical graph aggregation
and task-semantic conditioning as a lightweight approach to ESG text classification. At the
same time, the results indicate that the proposed architecture should not be viewed as a
universal replacement for contextual Transformer models, particularly for tasks requiring
fine-grained semantic discrimination.

6. Limitations
Although the proposed TC-HGAT framework shows strong results and a relatively

small computational footprint, the current study has several limitations.
First, TC-HGAT relies on static 300-dimensional embeddings, namely GloVe and

FastText [29,30]. Although FastText provides subword information that can improve the
representation of unseen or rare words, both embedding families lack the contextual
adaptation of Transformer-based language models. Consequently, the representation of
a word does not change according to its surrounding document context before graph
message passing.
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Second, the task-semantic representation is constructed by mean-pooling static word
embeddings and is fixed for all documents belonging to the same classification task.
The task-semantic node therefore captures task-level semantic information but does not
model contextual interactions between individual description tokens and document tokens.
For this reason, the mechanism should be understood as task conditioning rather than as
instruction following in the sense used for large language models. The paraphrase experi-
ment shows that the gain is stable under the evaluated rewordings (within 0.7 macro-F1
points). However, it does not cover contextual encoders of the task description, and because
mean-pooled paraphrases remain highly similar (average cosine similarity 0.94), it tests
robustness to wording more than to substantially different formulations of the task.

Third, the usefulness of task conditioning depends on the task description itself.
The task-node ablation shows that the correct description provides stronger performance
than mismatched or unrelated descriptions. Poorly designed or ambiguous descriptions
may therefore reduce the benefit of the task-semantic node.

Fourth, the clustering strategy is document-level. The word embeddings of each
document are clustered independently, with a requested maximum of K clusters and
only observed, non-empty clusters instantiated in the graph. While this design allows
the intermediate semantic structure to adapt to individual documents, it may produce
different cluster organizations across documents and may be less stable for very short or
highly heterogeneous texts. Future work could investigate globally consistent, adaptive,
or hierarchical clustering strategies.

Fifth, the evaluation is based on three ESG classification tasks derived from corpo-
rate sustainability text. These datasets are small (1320–1700 sentence-level instances per
task). Specificity, and Commitment classification, the extent to which the observed results
generalize to larger datasets, longer documents, other ESG datasets, financial domains,
or general NLP tasks remains uncertain.

Sixth, the comparison with TextGCN and BertGCN combines differences in architec-
ture with differences in graph construction, because these baselines use corpus-level graphs
whereas TC-HGAT uses per-document graphs. The controlled evidence for our design
choices comes from the comparisons with Word-GCN and Hierarchical-GAT, which share
the same per-document construction.

Finally, the principal experiments use three random seeds (13, 42, and 77). The
paired-bootstrap tests in Section 5.2 account for the sampling variation of the test instances,
and the standard deviations indicate variability across seeds, but additional seeds would
provide stronger evidence regarding the reliability of the observed differences between
models. Future work should therefore evaluate the framework across a larger number of
independent runs.

7. Conclusions and Future Work
In this paper, we introduced TC-HGAT, a task-conditioned hierarchical graph attention

network for ESG text classification. TC-HGAT combines static word embeddings with a
hierarchical graph representation containing word nodes, virtual semantic cluster nodes,
and a task-semantic node obtained by mean-pooling the static embeddings of a task
description. This design introduces an intermediate level of semantic aggregation while
incorporating a fixed task-level representation into the graph.

Extensive experiments across Claim, Specificity, and Commitment classification show
that TC-HGAT achieves strong predictive performance with a substantially smaller num-
ber of trainable parameters than the large Transformer-based baselines. Using the main
FastText-300D configuration, the model obtains macro-F1 scores of 94.6%, 77.8%, and 79.3%
on Claim, Specificity, and Commitment, respectively. TC-HGAT obtains the highest mean
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macro-F1 among the evaluated models on Claim and Commitment, although its differences
from ClimateBERT are not statistically significant, while BERT-base and ClimateBERT
achieve higher macro-F1 on Specificity. These results indicate that the proposed lightweight
architecture can provide competitive performance without requiring a large contextual
Transformer encoder.

The ablation experiments further clarify the contribution of the individual components.
The task-semantic node is the main source of the improvement: the correct task description
improves macro-F1 over the hierarchical configuration without a task node by 5.7, 2.4,
and 4.5 points, significantly on all three tasks. Virtual cluster nodes alone give a modest
and task-dependent improvement over the flat graph that is statistically significant only on
Claim. The control conditions, including fixed and norm-matched random vectors placed
in the same graph position, show that performance depends on the content of the task
representation rather than on the presence or scale of an additional graph node. Sensitivity
experiments across embedding families, clustering strategies, levels of task-description
detail, and cluster numbers further demonstrate the behavior of the proposed architecture
under different configurations.

From a computational perspective, TC-HGAT uses approximately 1.4 million train-
able parameters, excluding the frozen embedding table, and approximately 0.3–0.7 GB of
peak GPU memory during training under the reported experimental setup. Its end-to-end
inference time, including per-document clustering, is approximately 5–12 ms per docu-
ment, which is comparable to the Transformer baselines rather than faster. The proposed
architecture therefore provides a favorable trade-off between accuracy and training-time
GPU memory, at the cost of CPU-side embedding storage and clustering.

Overall, the results suggest that hierarchical semantic organization and task-semantic
conditioning provide a useful lightweight alternative for ESG text classification. At the
same time, the Specificity results and the limitations of static embeddings and fixed task-
level representations indicate that contextual and more adaptive representations remain
important directions for future research.

Future Work

Several directions can be explored in future work. First, the document-level clustering
mechanism could be extended with adaptive or hierarchical strategies that adjust the
semantic organization to the content and length of individual documents while improving
the stability of the resulting clusters.

Second, the task representation could be extended beyond mean-pooled static em-
beddings. Learned task embeddings, contextual encoders of the task description, or
document-adaptive task representations could provide richer task representations while
preserving the lightweight graph architecture.

Third, future experiments should evaluate parameter-efficient Transformer baselines,
such as adapters or LoRA-based fine-tuning, to provide a stronger comparison between
lightweight graph architectures and computationally efficient contextual models.

Fourth, robustness to the formulation of the task description could be studied with
more substantially different formulations of the same task, such as question-style or
keyword-based descriptions, and with contextual encoders.

Fifth, the framework should be evaluated on longer documents, such as full sustain-
ability reports, where the intermediate cluster layer and the over-squashing motivation are
expected to matter more than for sentence-level instances.

Finally, broader evaluations across additional ESG datasets, domains, and larger
numbers of random seeds would provide stronger evidence regarding the generalizability
and statistical reliability of the proposed framework.
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Appendix A. Task Descriptions
This appendix reports the task descriptions used by TC-HGAT and in the correspond-

ing task-node ablation experiments. They are provided to clarify the semantic information
supplied to the task-semantic node and to facilitate reproducibility. Each description is
converted into a single fixed vector by mean-pooling the static embeddings of its tokens
(Section 3.4); the imperative wording is therefore not interpreted as an instruction by the
model.

Appendix A.1. Task-Specific Descriptions

TC-HGAT uses a task-specific textual description to construct the task-semantic node.
The description is fixed for all documents within the same classification task. The De-
tailed level constitutes the default configuration used for the main TC-HGAT experiments
reported in the paper. The descriptions are listed in Table A1.

Table A1. Task descriptions used by the main TC-HGAT configuration.

Task Detailed Task Description

Claim “Determine whether the text contains a claim related to climate change, environmental im-
pact, greenhouse gas emissions, sustainability, or climate-related action. Focus on whether the
organization makes an explicit statement or assertion concerning an ESG-related issue.”

Specificity “Determine whether the text provides specific and concrete information about an ESG-related
action, target, quantity, date, measurement, or measurable outcome. Look for concrete details
such as numerical values, dates, quantified targets, measurable indicators, or clearly defined
actions.”

Commitment “Determine whether the text expresses an ESG-related commitment, intention, target, planned
action, or future-oriented objective by an organization. Focus on statements describing what the
organization intends, plans, targets, or commits to do.”

Appendix A.2. Levels of Task-Description Detail

To evaluate the effect of the level of detail, four levels of task description were con-
sidered: Minimal, Standard, Detailed, and Expert. The underlying classification objective
remains unchanged across all conditions. The Detailed condition is the default config-
uration used by TC-HGAT in the main experiments, whereas the other levels serve as
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controlled alternatives (Section 5.9). The four levels are listed in Tables A2–A4 for the three
tasks.

Appendix A.2.1. Claim Classification

Table A2. Task-description levels for Claim classification.

Level Task Description

Minimal “Classify whether the text contains a climate-related claim.”

Standard “Determine whether the text contains a claim related to climate change, environmental impact,
greenhouse gas emissions, sustainability, or climate-related action.”

Detailed (default) “Determine whether the text contains a claim related to climate change, environmental im-
pact, greenhouse gas emissions, sustainability, or climate-related action. Focus on whether the
organization makes an explicit statement or assertion concerning an ESG-related issue.”

Expert “Determine whether the text contains an explicit claim related to climate change, environmental
impact, greenhouse gas emissions, sustainability, or climate-related action. Consider statements
describing environmental impacts, emissions, sustainability performance, climate-related actions,
or organizational practices. Distinguish explicit claims from simple mentions of ESG-related
topics without an actual assertion.”

Bold indicates the default level used in the main experiments.

Appendix A.2.2. Specificity Classification

Table A3. Task-description levels for Specificity classification.

Level Task Description

Minimal “Determine whether the text contains specific information.”

Standard “Determine whether the text provides specific and concrete information about an ESG-related
action, target, quantity, date, measurement, or measurable outcome.”

Detailed (default) “Determine whether the text provides specific and concrete information about an ESG-related
action, target, quantity, date, measurement, or measurable outcome. Look for concrete details
such as numerical values, dates, quantified targets, measurable indicators, or clearly defined
actions.”

Expert “Determine whether the text provides specific and concrete information about an ESG-related
action, target, quantity, date, measurement, or measurable outcome. Identify verifiable details
such as quantities, dates, numerical targets, measurements, indicators, or clearly defined actions
rather than general or vague statements about sustainability.”

Bold indicates the default level used in the main experiments.

https://doi.org/10.3390/app162111092

https://doi.org/10.3390/app162111092


Appl. Sci. 2026, 16, 11092 32 of 35

Appendix A.2.3. Commitment Classification

Table A4. Task-description levels for Commitment classification.

Level Task Description

Minimal “Determine whether the text expresses an ESG commitment.”

Standard “Determine whether the text expresses an ESG-related commitment, intention, target, planned
action, or future-oriented objective by an organization.”

Detailed (default) “Determine whether the text expresses an ESG-related commitment, intention, target, planned
action, or future-oriented objective by an organization. Focus on statements describing what the
organization intends, plans, targets, or commits to do.”

Expert “Determine whether the text expresses an ESG-related commitment, intention, target, planned
action, or future-oriented objective by an organization. Identify forward-looking statements indi-
cating an intention or commitment to undertake an ESG-related action, achieve a target, improve
performance, or change organizational practices. Distinguish future-oriented commitments from
descriptions of actions that have already occurred.”

Bold indicates the default level used in the main experiments.

Appendix A.3. Paraphrased Task Descriptions

Each Detailed description was rewritten in three paraphrases that keep the task
definition and the listed criteria while changing word choice and sentence structure. These
paraphrases, listed in Table A5, are used in Section 5.7.

Table A5. Paraphrases of the Detailed task descriptions.

Task Paraphrase

Claim P1 “Decide if the passage asserts something about climate change, environmental effects, green-
house gas emissions, sustainability, or actions taken on climate. Check whether the company
explicitly states a position or fact on an ESG topic.”

P2 “Identify whether this statement makes an explicit assertion by the organization about an ESG
matter, such as climate change, its environmental footprint, emissions of greenhouse gases,
sustainability, or climate action.”
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Table A5. Cont.

Task Paraphrase

P3 “Judge whether the company in this text claims something regarding the climate, the en-
vironment, greenhouse gas emissions, sustainability, or measures against climate change,
as opposed to only mentioning these subjects.”

Specificity P1 “Decide if the passage gives precise and concrete details about an ESG action, goal, amount,
deadline, metric, or measurable result, such as numbers, dates, quantified goals, indicators,
or clearly described measures.”

P2 “Identify whether this statement contains concrete ESG information, for example figures,
time frames, quantified objectives, measurable indicators, or well-defined actions, rather than
general wording.”

P3 “Judge whether the text reports specific facts about an ESG-related activity or target, including
values, years, quantities, measurements, outcomes that can be measured, or clearly defined
steps.”

Commitment P1 “Decide if the passage states that the organization commits to, intends, plans, or targets an
ESG-related action or objective in the future.”

P2 “Identify whether this statement describes what the company will do, aims to achieve, or has
pledged regarding an ESG goal, target, or planned measure.”

P3 “Judge whether the text expresses a forward-looking ESG intention of the organization, such
as a pledge, a planned initiative, a target to reach, or an objective it has committed to pursue.”

Appendix A.4. Task-Node Ablation Conditions

The task-node ablation evaluates whether performance gains depend on providing
task-relevant semantic information. Six conditions are considered: None, Correct, Wrong ESG
Task, Unrelated, Fixed random, and Norm-matched random. The corresponding experimental
results are reported in Section 5.5, and the conditions are described in Table A6.

Table A6. Conditions used in the task-node ablation.

Condition Task-Node Configuration

None No task-semantic node is included in the graph.

Correct The Detailed task description corresponding to the target classification task is used.
These descriptions are reported in Table A1.

Wrong ESG Task The description of a different ESG classification task is provided instead of the descrip-
tion of the target task. For example, the Commitment description is supplied when
performing Claim classification.

Unrelated A non-ESG financial-news description is provided instead of the task-specific ESG
description: “The central bank announced that it would maintain its benchmark interest
rate, citing persistent inflationary pressures and uncertainty surrounding the global
economic outlook.”

Fixed random A random 300-dimensional vector, drawn once and kept frozen, is placed in the position
of the task-semantic node; no text is used. Its distribution, seed, and norm are given in
Section 4.4.

Norm-matched random The fixed random vector rescaled to the L2 norm of hI of the target task.
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The purpose of these controls is to distinguish task-relevant semantic information from
the mere presence of an additional node. In the main experiments, the Correct condition
corresponds to the Detailed descriptions reported in Table A1.

Appendix B. Validation-Tuned Hyperparameters
Table A7 lists the hyperparameters selected on the validation partitions for each

neural model.

Table A7. Hyperparameters selected on the validation partitions for each neural model (Section 5.3).
The same configuration was selected for all three tasks.

Model Learning Rate Dropout Epochs

TinyBERT 5 × 10−5 0.1 30
BERT-base 2 × 10−5 0.1 15
ClimateBERT 2 × 10−5 0.1 15
Word-GCN 10−3 0.5 30
TextGCN 10−3 0.5 30
BertGCN 5 × 10−5 0.3 15
Hierarchical-GAT 5 × 10−4 0.5 30
TC-HGAT 5 × 10−4 0.5 30
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