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ABSTRACT

We introduce GINAT, a framework that augments graph neural networks (GNN’s)
with global graph descriptions encoded by large language models (LLMs). While
prior work on text-attributed graphs (TAGs) integrates text features tied to nodes
or edges, our approach leverages external prompt datasets that describe graph
semantics independently of the downstream task. These prompts are embedded by
a frozen LLM and injected into the message-passing process via cross-attention,
allowing GNNs to incorporate global contextual information during local computa-
tions. We provide a theoretical analysis showing that GINAT provably increases
the expressive capacity of GNNs while preserving permutation equivariance.

Extensive experiments across diverse graph benchmarks demonstrate consistent
improvements over strong GNN baselines, with performance gains of up to 10%.
Ablation studies further confirm that these improvements stem from the semantic
content of the prompts rather than from random noise or model size. Together,
our findings highlight LLM-embedded prompts as a principled and effective new
modality for enhancing graph learning.

Our code is available at https://anonymous.4open.science/r/
11lm4gfm-3FBE/

1 INTRODUCTION

What do graphs and natural language have in common? At first glance, they appear to be fundamen-
tally different. Graphs offer a formal framework for decomposing objects, concepts, and complex
systems into smaller components and the relationships among them. They enable precise, unam-
biguous representations that support mathematical analysis and computational processing. Natural
language, in contrast, provides a flexible medium for high-level discourse, abstracting away fine
details while enriching communication with context, nuance, and cross-domain associations (Gentner
& Asmuthl 2019} |Williams et al.| 2017} |[Korta & Perry}|2024). In this work, we regard graphs and
natural language as complementary representational paradigms, linked by a fundamental common-
ality: both constitute human-engineered abstractions devised to model, organize, and interpret the
complexity of the world.

The past decade has seen the rise of deep learning models that broke ground in natural language
processing (NLP) and graph processing. Graph neural networks (GNNs) have made tremendous
contributions in drug design and related biochemical tasks (Jumper et al.,|2021; [Vignac et al., 2023),
recommendation systems (Wang et al., 2019), among other fields. LLMs de-facto solved most of the
NLP tasks, and are widely believed to be the bringers of artificial intelligence and artificial generative
intelligence (Qin et al.| 2024; Mumuni & Mumuni| [2025)).

Encouraged by the success of foundation models in other modalities such as language (Mumuni
& Mumuni, 2025) and vision (Awais et al., 2025])), the graph learning community has made efforts
towards equivalent models for the graph modality. Towards this goal, multiple approaches were
proposed; examples include pretraining for GNNs (Hou et al.| [2022)), mixture-of-experts (Zhao et al.|
2024), and LLM-based inference (L1iu et al., [2024).

Motivated by these developments, we adopt a novel perspective on the relationship between graphs
and natural language. Our approach stems from the following fundamental hypothesis: Graph
inference would benefit from global information about the input graph. As stated earlier, graph
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Figure 1: Illustration of GINAT. A graph with initial features is associated with a prompt that
describes it. We enrich traditional message passing by cross-attention between graph messages with a
representation of its natural language description, generated by a frozen, pretrained LLM. The output
of the cross-attention operation is then scaled by a learned parameter £ and summed with the original
messages.

representation of data and textual description complement each other. For example, a cycle in a
molecular graph has a different meaning than a cycle in a transportation graph. When humans reason
about a graph, they have prior knowledge about what it represents, and how to give meaning to
substructures. We argue that providing graph models with such prior knowledge is essential towards
graph foundation models.

Our Approach. In this work, we augment graphs with textual descriptions. In particular, our
approach consists of two parts: data and technique. Given a graph of a certain nature (for example:
molecular data, citation networks, social networks and others), we associate the graph with a
prompt that describes it. Such a description can be about the graph as a whole (e.g., this graph
represents a molecule) or as a sum of its components (e.g., nodes are papers and
edges indicate citation). InFigure[3]and Appendix[H] we provide concrete examples of
such prompts. We note that the prompts we use do not contain information on any downstream task.

Therefore, we call our approach GINAT: Graph Inference by Natural-language Augmentation of
Topology. Our framework augments message-passing layers with prompt embeddings encoded by a
pre-trained LLM, followed by a cross-attention processing step with messages passed on the graph’s
edges by said layers. Figure|T]illustrates the approach, and Section [3] provides implementation details.
The benefits are twofold: the prompts are enriched by the prior knowledge learned by the LLM, and
the GNN receives explicit graph information.

Our contributions are summarized as follows:

* In Section[3] we propose GINAT for graph inference using natural-language data external
to the dataset. We also provide the datasets of graph-descriptive prompts.

* In Section[d] we provide extensive theoretical analysis of GINAT, and prove that it improves
the capacity of the GNN while maintaining permutation equivariance.

* In Section[3] we establish the potential of the approach. We show improved results on a
variety of datasets and using different backbone GNNs.
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2 RELATED WORK
In this section, we present ongoing lines of research related to our work.

2.1 TEXT-ATTRIBUTED GRAPHS

Text-attributed graphs (TAGs) combine graph structure with textual node features and appear in
many domains, from citation networks to e-commerce. Several recent works advance TAG research.
Yan et al.|(2023a) introduces a comprehensive benchmark with new datasets, tasks, and systematic
evaluation. Yan et al.| (2023b)) propose GLEM, a scalable framework for large TAGs using variational
inference and message passing. [Zhang et al.| (2024) present the first benchmark for DyTAGs (dynamic
TAGs), curating large-scale time-evolving graphs and defining four tasks. [Yan et al.| (2024} develop
an LLM-to-LM Interpreter that distils explanations from LL.Ms to enrich TAG representations.

While this progress inspired our work, our approach differs fundamentally. TAGs integrate text as
node features, whereas we leverage external text that is independent of the target dataset and agnostic
to the downstream task, describing instead the semantics of the graph and its sub-entities.

2.2 LARGE LANGUAGE MODELS AS ENHANCERS FOR GRAPH NEURAL NETWORKS

LLMs offer rich semantic priors that can complement the structural focus of GNNs, making them
especially relevant for foundation-style graph models. Prior work highlights several roles for LLMs:
as knowledge injectors, filling gaps in incomplete graphs and improving link prediction through
alignment with textual embeddings Li et al.| (2023b)); Chen et al.|(20244a); Tian et al.|(2024)); as sources
of self-supervised signals, generating semantic objectives that enrich pretraining beyond structural
tasks|You et al.| (2024)); |Li et al.|(2023b)); and as interpretable enhancers, producing natural-language
rationales that improve transparency and support human-in-the-loop reasoning|Gu et al.| (2024)).

2.3 GRAPH NEURAL NETWORKS AS ENHANCERS FOR LARGE LANGUAGE MODELS

Recent work explores how GNNs enrich LLMs with structured relational reasoning. While LLMs
excel at contextual language understanding, they remain limited in explicitly modeling entities and
relations. GNNs, with their inductive bias for graph data, have been integrated into LLM-based
systems in several ways. One line of work uses knowledge graph augmentation, where GNN's encode
entities and relations into embeddings fused with LLM representations. Examples include LinkBERT,
which leverages inter-document links during pretraining |[Yasunaga et al.|(2022)), and methods that
inject graph-based entity embeddings to improve factual QA and reasoning [Zhang et al.[(2023)).

A second line investigates hybrid GNN-LLM architectures. Molecular graph encoders combined
with LLMs enhance drug discovery tasks|Wang et al.|(2022), while abstract syntax tree encodings
integrated with Transformers improve code reasoning |Hellendoorn et al.| (2020). More recently,
graph-guided prompting has emerged, where GNNs extract relational substructures (e.g., multi-hop
paths, neighborhoods) and feed them to LLMs as structured prompts, enabling multi-hop reasoning
without modifying the architecture |Chen et al.| (2024b).

Challenges remain in scalability, due to high communication and memory costs in large graphs|[Shao
et al.|(2022); [Huang et al.| (2024); |Liu et al.| (2023)); in semantic alignment, bridging graph and token
embeddings Wang et al.|(2024); |Li et al.| (2023b)); and in evaluation, with new benchmarks such as
GLBench and LLMNodeBed beginning to standardize comparisons |Zhou et al.|(2024); (Chen et al.
(2025)).

2.4 CROSS-ATTENTION FOR GRAPH LEARNING

Cross-attention is used for reasoning that jointly leverages symbolic graph structure and natural
language priors, with promising applications in knowledge graph completion (Yao et al., [2022]),
scientific discovery (Yang et al.|[2023)), and multi-hop reasoning tasks (Chen et al., [2023). Ongoing
challenges include balancing modality dominance, designing scalable cross-attention schemes for
large graphs, and ensuring semantic alignment between embedding spaces.
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3 METHOD

In this section, we present GINAT. Our approach extends the classical message-passing paradigm in
graph learning. Message-passing layers are conventionally divided into three abstract components:
message, aggregate, and update (see Appendix [F]for more information). In GINAT, we redefine the
message computation step by incorporating semantic information derived from a pre-trained, but not
finetuned, LLM. Each graph is associated with a prompt that describes the nature of the graph, that is,
what information it represents. The prompt is processed by an LLM, and the output embeddings of
its last layer are employed to enrich the original messages before aggregation, thereby introducing
contextualized knowledge in the graph learning process. This idea is illustrated in Figure|l| and we
provide examples for the prompts used in Figure 3]

GINAT: Formal Introduction. Let us consider a message-passing layer defined by the
message(-), aggregate(-), update(-) functions. In GINAT, we make no changes to those methods,
but we change the data flow from the message(-) to aggregate(-). Specifically, let G = (V, E) be
a graph with |V| nodes and | E| edges, with H) € RIVI*%-1 being node embeddings at layer [.
Finally, we denote by Hr € RE*47 the LLM-generated embedding of the prompt associated with
the graph, and a learnable linear projection matrix W € R% <47 The output H(*1), that is, the
augmented message-passing layer, is then obtained via the following sequence of steps:

RIF>X4 5 9 = LayerNorm(Hr) W7, )
RIExd 5 MO = message(H(l),E) ; )
RIExd 5 MO =M 4+ ¢. CrossAttentiotl(M(l), ﬂT) ; ©)
RIVIXd 5 F(+1) — update(H(l),aggregate(M(l))) , 4)

Figure [1] illustrates this process in a more intuitive manner. The CrossAttention term allows
passed messages to selectively attend over contextualized prompt embeddings . The resulting
formulation unifies structural and semantic information, offering a principled way of integrating
pretrained language representations into graph message passing. Importantly, when the cross-attention
weights are set to zero, the formulation reduces to the standard MPNN, implying that our method is
at least as expressive as the MPNN we extend, in the sense of the WL test.

Scaling the Cross-Attention Qutput. ¢ in Equation (3)) is a learned scaler, that serves two purposes.
First, it scales the cross-attention output. This allows the model to learn the appropriate scale
of the attention mechanism compared to the MPNN’s output. This allows stable training and
prevents vanishing gradients due to scale mismatch between the components. Second, it provides
explainability. The value of £ implies how important the model finds the information carried in
the prompt embedding to be. Furthermore, it allows the model to lean £ = 0, implying the added
information isn’t relevant to the task.

Graph Level Aggregation. For graph-level classification, GINAT employs a virtual node, con-
nected to all nodes in the target graph. After the forward pass, this node’s output representation is
treated as the graph’s latent features.

3.1 THE CONTRIBUTION OF LLMS IN GINAT

By leveraging the vast knowledge encoded in LLMs, trained on massive corpora of text data, our
method goes beyond the standard setting TAGs. Instead, it provides a more general framework
in which external semantic priors complement structural message passing, thereby enhancing the
representational capacity of even simple GNN architectures. The effectiveness of this integration is
demonstrated through empirical results presented in Section [5]

Choice of LLM. LLMs can be proprietary or open-source, and used in pre-trained, fine-tuned,
or instruction-tuned configurations. In this work, we use open-source models in their pre-trained
form, since the LLM serves only as an encoder, and this provides direct access to its prior knowledge,
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unaffected by alignment or tuning. While fine-tuning within our framework is a promising direction, it
is resource-intensive; we focus here on testing the hypothesis that textual graph descriptions encoded
by an LLM enhance inference.

4 THEORETICAL PROPERTIES OF GINAT

In this section, we provide an analysis of GINAT from model design and theoretical perspectives.
We begin by presenting the relevance of cross-attention to our goal, continue by formally establishing
the enhanced representation capabilities of our approach, and conclude by proving that we maintain
permutation equivariance.

Message passing is the dominant framework for modern GNNs, formalizing relational information
exchange between nodes. At each iteration £+1, a node updates its representation by aggregating
messages from neighbors’ features at iteration ¢ via permutation-invariant operators such as sum,
mean, or attention (Kipf & Welling} 2017} [Hamilton et al.l 2017} [Velickovi¢ et al.} 2018]). This
captures local dependencies while preserving permutation equivariance (Appendix [B). Stacking
multiple layers allows nodes to integrate information from larger neighborhoods, enabling GNNs to
approximate diverse graph functions. However, their expressivity is limited by the 1-WL test (Xu
et al.| 2019), motivating extensions such as higher-order architectures (Morris et al., 2019)), positional
encodings (Rampasek et al.,2022; Eliasof et al., |2023), and random feature initializations |Abboud
et al.,[2020.ions [Abboud et al., 2020l

We follow these trends and propose another method to extend the expressive power of an MPNN. We
equip the MPNN with a cross-attention mechanism (described in detail in Appendix [E), which learns
to extract relevant information from global, external feature vectors (e.g., embedded prompts). This
is used to enrich the messages passed by the MPNN and extend its capacity.

4.1 ENHANCED GRAPH REPRESENTATION CAPABILITIES

Our approach can successfully distinguish between graph

structures that standard MPNNSs fail to differentiate. It is G1=C5UCs G,=Cs

well established that MPNNSs are at most as expressive as at a

the 1-WL isomorphism testXu et al.|(2019). However, the /\ / \\ / \
1-WL test is known to be incapable of distinguishing be- / \\ / \\ \ /
tween certain families of graphs, such as k-regular graphs ’ /

(where every node has degree k). A classical example is

the cycle graph C and the disjoint union of two triangles Figure 2: Illustrations of G1,G2 as
(C3 U C3), illustrated in Figure[2} The former consists of ~described in Section B.Il These non-
a single 6-node cycle, while the latter consists of two dis- isomorphic graphs are indistinguishable
connected 3-cycles. For the interested reader, we provide by standard MPNNG.

a proof for the failure of MPNNs to separate these two

different graphs in Lemma [3|in Appendix[A] To establish the benefits of our GINAT, we prove the
following lemma in Appendix [A}

Lemma 1 (GINAT Achieves Separation Given Informative Global Features). Let G1 be the graph
comprised of two disconnected triangles and G4 the graph containing a 6-cycle. Let both graphs be
initialized such that every node has an identical feature vector x. With each graph, we associate a
global feature vector gy, g2, respectively. Redefine the message sent to each node during message
passing as

m{!) = message (h§f71)> , u € N(v), 5)
m/D = m{) 4 CrossAttention (mz(}lg, g) (6)

where hg) = update (hg,l_l), aggregate ({ (message (h,(f_l))) | ue N(v)})) For a 2-layer

MPNN, there exists a choice of g1 # go such that the final readout of both graphs is distinct,
Heg, # He,, and there exists a choice of gs # g4 (Which are not linearly dependent) such that the
final readout of both graphs is identical, Hg, = Hg,.
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( [ "Molecular structure where atoms are nodes and

edges are their connecting bonds.",

"A graph where nodes are atoms and edges show their
covalent connections.",

"Each node signifies an atom, and each edge
signifies a chemical bond.", ... ]

. J/

Figure 3: Examples of prompts, used to describe molecular graphs, such as OGBG — MOLHIV and
ZINC. The entire prompts dataset is provide in Appendix

Lemma|I] establishes that an MPNN equipped with GINAT can separate G from G given extra
feature vectors that provide relevant information on the graphs, or a specific task. Furthermore, it
follows from the Lemma proof that when the given extra feature vectors are not informative, our
approach will not separate the graphs. This is a desired property: augmenting two graphs with
different feature vectors in order to obtain distinct representations is trivial, while GINAT has the
ability to augment the input graph data in an informed and adept way.

On the Benefit of LLM-embedded Prompts. LLMs provide the ability to meaningfully represent
text, while also using the rich prior they learn during pretraining. This could yield a representation
of text that not only captures the meaning, but also provides context and additional information not
present in the raw text. This capability makes LL.Ms the perfect candidates to generate informative
extra features, as the results in Section [5] show.

Permutation Equivariance in GINAT. Permutation equivariance is a core property of GNNs and
graph learning techniques. While it is well-established that cross-attention is permutation equivariant,
we provide a concrete proof for this statement in Proposition[5] Proposition [2] establishes that our
approach maintains permutation equivariance of MPNNs with a complete proof given in Appendix [B}

Proposition 2 (GINAT Preserves Permutation Equivariance). Standard GNNs are permutation
equivariant: permuting the input node order results in the same permutation applied to the output
embeddings. This property is preserved if the message function incorporates cross-attention.

Formally, consider a message passing layer of the form

RUFY = update (th% aggregate ({mffv Tu € N(v)}) , CrossAttention (hgf), HT>> , (D

where th) is the embedding of node v at layer t, N (v) denotes its neighborhood, m5f3 is the message
from node u to v, update is a permutation-invariant aggregation function, CrossAttention is a

cross-attention operator as defined in Appendix@ with th) as query and Hr as keys/values, and
update is the node-wise update function. Then the resulting GNN layer is permutation equivariant
with respect to the nodes of the input graph.

5 EXPERIMENTS

To demonstrate the utility of GINAT and better understand its impact, we designed experiments
structured around the following guiding questions:

(Q1) Can GINAT provide evidence that our core hypothesis is true, and GNNs can benefit from a
global description of the processed graph?

(Q2) Are the gains observed with GINAT attributed to the informative embeddings produced by
the LLM, rather than to indirect computational effects?

(Q3) How does GINAT contribute to enhancing the overall capability of GNNs?
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Table 1: Graph Performance on Molecular Datasets. Some of the datasets contain edge fea-
tures; We used those features in GAT, GATV2, GIN[E] that support them by definition.

GINAT results are highlighted in red. Best results on for each GNN-dataset pair are in bold.

Model | MUTAG ENZYMES PROTEINS NCI1 NCI109 MOLHIV ZINC

Metric — Acc. T Acc. 1 Acc. T Acc. T Acc. T ROC-AUCT MAE|
GCN 0.633 +0.17 0.344 +0.10 0.685 +0.02 0.737 £0.02 0.748 £0.03 0.769 +0.01 0.392 +0.01
0.733 +0.12  0.533 +0.04 0.744 +0.03 0.763 +0.02 0.791 +0.01 0.785 +0.02 0.391 +0.08
GraphSAGE 0.667 +0.10 0.250 +0.02 0.732 +0.02 0.750 £0.03 0.750 £0.01 0.728 +0.01 0.517 +0.02
P 0.733 +0.10 0.633 +0.00 0.759 +0.02 0.763 +0.03 0.791 +0.01 0.770 +0.02 0.502 -£0.00
GAT 0.667 +£0.08 0.394 +0.03 0.670 £0.04 0.702 £0.07 0.683 £0.05 0.721 £0.02 0.402 +0.02
0.767 +0.06 0.506 +0.08 0.720 +0.04 0.783 +0.01 0.775 £0.02 0.748 +0.01 0.344 +0.02
GATv2 0.667 +0.10 0.339 +0.05 0.673 £0.03 0.738 £0.02 0.718 £0.02 0.712 +0.01 0.359 +0.01
v 0.783 +0.05 0.500 +0.04 0.729 +0.06 0.770 £0.02 0.791 +0.02 0.751 +0.01 0.315 +0.01
GIN[E] 0.650 +£0.04 0.672 +0.03 0.747 £0.03 0.807 £0.03 0.821 +0.01 0.753 +0.01 0.233 +0.01
0.700 +0.10 0.683 +0.04 0.753 +0.06 0.817 +0.03 0.833 +0.01 0.784 +0.00 0.136 +0.00
GraphCon 0.667 £0.09 0.517 +0.17 0.723 +0.04 0.806 £0.02 0.794 £0.00 0.768 +0.00 0.225 +0.02
P V' 0733 4015 0.594 +003 0.744 4004 0.817 £003 0.816 +001 0.788 +0.01 0.197 £0.00
0.783 +0.09 0.644 +0.15 0.482 +0.10 0.799 +0.03 0.808 +0.01 0.752 +0.02 0.216 +0.06

GraphGPS

0.817 +0.09 0.694 +0.03 0.765 +0.04 0.805 +0.04 0.819 +0.01 0.777 +0.02 0.186 +0.01

5.1 EXPERIMENTAL SETUP

In our experiments, we integrate GINAT into widely used GNN baselines (Tables [T} [2). The LLM is
frozen and used only once to embed prompts, producing fixed representations for downstream tasks.
Results are averaged over three runs with distinct, predefined seeds, and for each run we trained
GINAT for 100-300 epochs, reporting the test score from the best validation checkpoint. All baseline
results are from our own runs under identical splits and configurations to ensure fairness. Pretrained
LLMs were obtained from HuggingFace, and we use backbone architectures PyTorch Geometric
implementations (Fey & Lenssenl 2019). In all experiments, we initialized the cross-attention scaler
& = 0.1 (see Section 3| for more details).

Models’ Parameters Count. Since GINAT utilizes cross-attention with LLM embeddings, whose
feature dimensions are on the order of 103, the layers in GINAT are larger than those in the GNN
baselines typically reported in graph learning literature. To maintain a fair comparison, and to rule out
the possibility that improvements arise merely from increased capacity and larger parameter count,
we assign GNN baselines the same parameter budget as GINAT. Specifically, we retain architectural
and configurational similarity by evaluating baselines with the same number of layers as GINAT,
while adjusting the hidden dimension so that their parameter counts match as closely as possible.

Graph-Describing Prompts Data. We pair each graph dataset with a prompt dataset of approx-
imately 200 prompts. As outlined in Section [I] these prompts describe the nature of the graph’s
data modality. This allows us to use the same prompt dataset for different datasets and tasks from
the same data modality. For example, we use the same molecular graph-describing prompts for
both OGBG — MOLHIV and ZINC. We split the prompt dataset randomly in an 8-1-1 ratio. In
a training epoch, each graph sample is paired with a single prompt embedding drawn at random
from the training split. For validation and test evaluation, prompts are drawn in fixed order from the
corresponding splits. See Appendix [H]for listings of the used prompts.

A Remark on Results. Owing to resource constraints, we did not perform exhaustive hyperpa-
rameter tuning. Each dataset-method pair was tested under three layer depths and two widths, while
several parameters (e.g., learning rate, scheduling, embedding dimensions, or different normalization
layers) were left at default values. This may explain deviations between our baseline results and those
published elsewhere. Nevertheless, our goal is to establish the relative advantage of GINAT.
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Table 2: Social-network datasets accuracy (higher is better). GINAT results are highlighted in red.

Best results on for each GNN-dataset pair are in bold. These graphs datasets are featureless; Baselines
used random node features, while GINAT used constant node features.

REDDIT- REDDIT- REDDIT- IMDB-BINARY IMDB-MULTI
BINARY MULTISK MULTII2K

GCN 0.785 +0.06 0.512 +0.04 0.456 +0.01 0.607 +0.04 0.371 +0.01
0.887 +0.01 0.554 +0.04 0.477 +0.00 0.747 +0.04 0.489 +0.02
GAT 0.510 +0.06 0.218 +0.02 0.214 +0.01 0.507 +0.01 0.336 +0.03
0.930 +0.01 0.552 +0.02 0.493 +0.01 0.753 +0.05 0.478 +0.02
GATv2 0.510 +0.06 0.198 +0.02 0.214 +0.01 0.500 +0.00 0.327 £0.03
0.928 +0.02 0.572 +0.03 0.496 +0.00 0.743 +0.04 0.482 +0.03
GIN[E] 0.935 +0.02 0.550 +0.03 0.498 +0.01 0.723 +0.02 0.422 +0.04
0.945 +0.01 0.552 +0.03 0.504 +0.01 0.740 +0.02 0.482 +0.04
GraphConv 0.917 +0.01 0.570 +0.02 0.489 +0.01 0.737 +0.03 0.466 +0.05
P 0.927 +0.03 0.572 +0.03 0.498 +0.01 0.753 +0.05 0.491 +0.03
GraphGPS 0.777 +0.04 0.339 +0.10 0.218 +0.01 0.737 +0.03 0.416 +0.05
P 0.928 +0.01 0.510 +0.01 0.477 +0.03 0.750 +0.04 0.442 +0.04

5.2 GINAT IMPROVES GRAPH INFERENCE PERFORMANCE

In our main experiment, we seek to address (Q1) and establish the contribution of augmenting graph
data with global, embedded textual descriptions of the graphs using GINAT.

Settings. We compare the performance of 7 well-known GNN baselines with their augmented
counterparts on several graph-level datasets (an overview of the evaluated datasets is given in
Appendix|C). Specifically, we used standard MPNNs: GCN (Kipf & Welling| 2017), GAT (Velickovi¢
et al.| [2018), GATv2 (Brody et al.,[2022), GraphConv (Morris et al., 2019), GraphSage (Hamilton
et al.,[2017), and GIN (Xu et al., or GINE (Hu et al.}[2020) when edge features were available.
We also use the graph transformer GraphGPS (Rampasek et al. 2022)) as a baseline. In these
experiments, we used Qwen3-4B as the embedding LLM.
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the LLM embeddings were replaced by random Gaussian vectors of comparable size.
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In this experiment, we train GINAT on the OGBG-MOLHIV dataset using GCN backbone. We
evaluate GINAT using several LLMs: the 0.6B, 1.7B, 4B, and 8B versions of Qwen3 (Yang et al.,
2025), and L1lama3.1-8B, Llama3.2-3B, and Llama3.2-1B (Grattafior1 et al.| [2024). All
models were configured with 5 layers and a hidden dimension of 512. The results are illustrated in
Figure [ indicating that all tested LLMs yield substantial improvements over both the baseline and
the random-noise controlled experiment. While the performance margin between models is not large,
the strongest results are achieved with larger LLMs. This result provides further evidence that the
gains stem from the information in the prompts - best captured by more expressive LLMs. Moreover,
we see that LLMs consistently improve baseline performance.

5.4 NODE CLASSIFICATION: WHEN DO WE BENEFIT FROM GINAT?

Having established, through the first two experiments in Sections [5.2H5.3] both the effectiveness
of LLM-embedded prompts and the capacity gains of GINAT, we next investigate its underlying
properties. In particular, we seek to answer (Q3): is the contribution of GINAT local or global?

The answer is nontrivial: external features provide a global view of the graph, yet the embedded
prompts interact locally with the GNN messages, rather than only after a readout aggregation.

To shed light on this matter, we apply GINAT to two large- ;¢

scale node-classification benchmarks: OGBN-ARXIV and Architecture
OGBN-PRODUCTS, each accompanied by a suitable prompt .. gg: + GINAT
dataset, as discussed in Appendix Below, we discuss the
results, which are presented in Figure 5] 062 | B

= T

Node-Level Settings. We adopt experimental settings parallel

to those of the graph-level settings. Specifically, for every batch 058
of nodes sampled by GraphSAINT (Zeng et al.,2020), we draw 0.54
a matching batch of prompts, and treat the sampled subgraph '

as a graph as in the graph-level settings. 0.50

. . . . .. . OGBN-ARXIV OGBN-PRODUCTS
GINAT’s Contribution is Global. From Figure[J] it is evi-

dent that GINAT does not yield comparable gains on node-level g gure 5: Performance of GI-
tasks. This aligns with findings in the literature, which show AT on  node-classification
that such tasks rely mainly on local neighborhood features benchmarks OGBN-ARXIV and
rather than global information (Ying et al., 2019} |Gasteiger| OGBN-PRODUCTS. The results
et al.,2019;Wu et al., 2019; [Hamilton et al., 2017). We there- show that GINAT’s contributes on
fore conclude that GINAT supplements GNNss globally. For global level.

additional insights and analysis of node-level results, we refer

the reader to Appendix

6 CONCLUSION

We introduced GINAT — a novel approach showing that graph representation learning can benefit
from global graph descriptions, embedded and enriched by an LLM. GINAT leverages a cross-
attention mechanism to integrate the two modalities and provably increases GNN capacity while
maintaining permutation equivariance. Through extensive experiments across multiple domains and
benchmarks, supported by newly constructed prompt datasets, we provided empirical evidence for
the effectiveness of the approach. GINAT consistently improves performance on graph-level tasks,
achieving gains around 10% improvement over strong baselines, while operating under the same
parameter budget.

The theoretical and empirical gains in this work lay the foundation for numerous extensions and
improvements, including alternative conjoining mechanisms and diverse prompting strategies.

Limitations. Currently, the improvements of our method are most pronounced in graph-level tasks,
a consequence of the global nature of the prompts. We view extending the framework in this direction
as an exciting opportunity for future research.
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A EXPRESSIVENESS OF OUR APPROACH

In this appendix, we present a concrete example of two graphs indistinguishable by an MPNN that
our approach successfully distinguishes. First, we prove that an MPNN, regardless of implementation,
fails to distinguish these graphs. Then we show that our approach successfully distinguishes between
them.

A.1 MPNNs CANNOT DISTINGUISH BETWEEN TWO TRIANGLES AND AN HEXAGON

Lemma 3. Let G be the graph comprised of two disconnected triangles and G the graph containing
a 6-cycle. Let both graphs be initialized such that every node has the identical feature vector x. For
any number of MPNN layers with any learned weights, and for any deterministic readout function R,
the resulting graph embeddings will be identical: Hg, = Hg,

Proof. We will show by induction that for any layer [, all 12 nodes across both graphs have the exact
same embedding vector hgk').

It follows that the multiset of final node embeddings is identical as well,

He, = {{hgjﬂ lve Gl}} - {{hg’“) lve GQ}} = He,

Then, since the readout function R is deterministic, the final embeddings hold
Hg, = R(Hg,) = R(He,) = Ha,
completing the proof.

Base Case: For | = 0, by definition, all nodes in both graphs are initialized with the same feature
vector x.

Inductive Step: Assume that at layer [ — 1, all nodes in both graphs have the same embedding,

Vv € G1 U Ga, h,f,lfl) = h(=1) The MPNN update is a function of the node’s own embedding and
the aggregation of its neighbors’ embeddings:

h) = update (hq(f_l)y aggregate ({ (message (hg‘l_l))> |ue N(U)})) ®

By definition, all nodes in G1, G5 have exactly two neighbors. Let v be a node in one of the graphs.
By the induction assumption, v and its neighbors w1, us, all have the same embedding h(~1). The
aggregated message to v is then

m, = aggregate ({message (h;—1) ,message (hi—1)}) 9

Thus the new embedding hg) is
hY) = update(h;_y,m,) (10)
Since our choice of v was arbitrary, this holds for all nodes in both graphs. O

A.2 PROOF OF LEMMAII

For the reader’s convenience, we reiterate the lemma here.

Lemma 4 (GINAT Achieves Separation Given Informative Global Features). Let Gy be the graph
comprised of two disconnected triangles and G5 the graph containing a 6-cycle. Let both graphs be
initialized such that every node has an identical feature vector x. With each graph, we associate a
global feature vector g1, go, respectively. Redefine the message sent to each node during message
passing as

m{!) = message (hg*1)> , u € N(v)
m/D) = m{) 4 CrossAttention (mz(}l,z, g) (11)
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where h{Y = update (hgl_l), aggregate ({ (message (hg_l))) | ue N(v)})) For a 2-layer

MPNN, there exists a choice of g1 # g2 such that the final readout of both graphs is distinct,
Hq, # He,, and there exists a choice of gs # g4 (Which are not linearly dependent) such that the
final readout of both graphs is identical, Hg, = Hg,.

Proof. We prove each claim of the lemma constructively, and provide full calculations for the initial
feature vector z = [1,3,1,2]7. For tractability, and without loss of generalization, we define

aggregate as summation and update as a residual connection, i.e., hq(,l) = hq(,lfl) + mi,(l). Similar

proofs can be constructed for any MPNN-suitable selection of these functions.

Proof of first claim (3g1, g2 : Hg, # Ha,) Let
g1 =1[3,1,0, O]T’ g2 =[6,1,0, O]T
The proof proceeds by tracing the computation.

All nodes in both graphs start with h(®) = 2 = [1,3,1,2]”. Since all nodes have degree 2, the initial
aggregated message is identical for all nodes:

mY =2+ 1z =2z =1[2,6,2,4" (12)
The attention mechanism then causes a divergence. For (G, the dot product is

mM g1 =1[2,6,2,4] - [3,1,0,0]7 =12 (13)

The augmented message is
mg, =mM +12¢; = [2,6,2,4]" +[36,12,0,0] = [38,18,2,4]” (14)

For (G4, the dot product is
mM . gy = [2,6,2,4] - [6,1,0,0]" = 18 (15)

The augmented message is
my, =mY + 18g, = [2,6,2,4]" +[108,18,0,0]” = [110,24,2,4]” (16)

Since the augmented messages are different, the updated node embeddings after the first layer are
also different: hY}) = x +m; = [39,21,3,6]7, while hl;) = +ml,_ = [111,27,3,6]".

As the node embeddings have diverged after the first layer, all subsequent computations will also
differ, guaranteeing that the final multisets of node embeddings are distinct and thus the final readouts

Hqg, # Hg,.

Proof of second claim (g3, g4 : Hg, = Hg,) For brevity, we first compute the common messages
that would be generated without attention:

m(l) — 9y — [276,2,4]T (17)
This gives
WO = 34 m® = 32 — [3,9,3,6] (18)
The next message is
m® = B0 4 O — 2,0 — [6,18,6,12]" (19)

Let
gs = [—3, 1,0,0]T7g4 — [_1707 1,O]T

The proof proceeds by tracing. At layer 1, the initial message is m (). The dot product for G is
mM - g =2,6,2,4] - [~3,1,0,0] = ~6+6 = 0 (20)

Similarly for G,
mM gy =12,6,2,4] - [-1,0,1,0] = =2 +2 =0 21)
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In both cases, the attention is nullified, so the augmented message is just m(!), and the updated
embedding is h") = [3,9,3,6]7 for all nodes in both graphs. At layer 2, the message is m(?). The

dot product for G is
m® . g5 =[6,18,6,12] - [-3,1,0,0] = —18 + 18 = 0 (22)

For G,
m® . gy =1[6,18,6,12] - [-1,0,1,0] = =6+ 6 =0 (23)

Again, the attention is nullified, and the augmented message is identical for both graphs. This ensures
the final node embeddings are also identical. Since the final multisets of embeddings are identical,
the readouts must be identical, Hg, = Hg,.

O
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B PRESERVATION OF EQUIVARIANCE

GNNSs are inherently permutation equivariant: reordering the nodes in the input graph leads to
the same reordering in the output node embeddings. Analogously, multi-modal cross-attention is
also permutation equivariant with respect to the queries. In this section, we prove that our method
maintains permutation equivariance - a key characteristic in any GNN.

Proposition 5. Let Q € R™1*? denote the query matrix, K € R™* the key matrix, and V €
R™ > the value matrix. The cross-attention operator is defined as

.
Attn(Q, K, V) = softmax(Qj% ) V,

where the softmax is applied row-wise. Then for any permutation matrix P € {0, 1}™1*"4, it holds
that
Attn(PQ, K,V) = P Attn(Q, K, V).

That is, cross-attention is permutation equivariant with respect to its queries.

Proof. Consider the attention with permuted queries:

Attn(PQ, K, V) = softmax(w\/)gKT> V.

By associativity of matrix multiplication,

(PQ)K" = P(QK").

Since the softmax is applied row-wise, permuting the rows before softmax is equivalent to permuting
them after softmax:
softmaX(P(QKT)) = Psoftmax(QK ).

Therefore,

Attn(PQ,K,V) = (P softmaX(QKT))V =P (softmaX(QKT)V).

This simplifies to
Attn(PQ, K, V) = P Attn(Q, K, V),

proving permutation equivariance with respect to queries. O

Proposition 6. Standard GNNs are permutation equivariant: permuting the input node order results
in the same permutation applied to the output embeddings. This property is preserved if the message
function incorporates cross-attention.

Formally, consider a message passing layer of the form

Rt = update (h,(f), aggregate({m,(fg tu e N(v)}), CrossAttention(h{!, Hrp, HT)>,

where hq(,t) is the embedding of node v at layer t, N'(v) denotes its neighborhood, mSB is the message

from node u to v, AGG is a permutation-invariant aggregation function, CrossAttn is a cross-
attention operator with hsjt) as query and Hr as keys/values, and U is the node-wise update function.
Then the resulting GNN layer is permutation equivariant with respect to the nodes of the input graph.

Proof. Let P be a permutation matrix applied to reorder the nodes in the input graph. Permutation
equivariance requires that

f(PX,PAPT) = Pf(X, A),
where X is the node feature matrix and A the adjacency matrix.

Consider the message-passing layer. Each node embedding hq(,t)

module, while Hr provides the keys/values.

acts as a query to the cross-attention

17



Under review as a conference paper at ICLR 2026

By Proposition 3, cross-attention is permutation equivariant with respect to its queries and per-
mutation invariant with respect to the keys/values. Thus, applying P permutes the queries con-

sistently: CrossAttention(PhS,t), Hr)=P CrossAttention(hgt), Hry). The aggregated messages
from neighbors are permutation equivariant due to the permutation-invariance of aggretate, i.e.,

aggregate({m;t()u)p(v) u € N(v)}) = Paggragate({m') : u € N'(v)}). Finally, the node-wise

update update preserves the permutation, since it is applied independently to each node.

Combining these, each node update under permutation P satisfies

iL](:(t)l) = update (Phgf), P aggregate({m{!)}), P CrossAttention(h{"), HT)) = Ph{t+Y),

Hence, the GNN layer with cross-attention in the message stage is permutation equivariant. O
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C DATASETS INFORMATION
C.1 MOLECULAR GRAPH DATASETS

Table 3: Summary statistics of molecular datasets. Feature columns report only dimensionality. Totals
are estimated as #graphs x average edges.

Dataset Graphs Nodes Edges Tot. E  Node dim Edge dim
OGBG-MOLHIV 41,127 25.5 27.5 1,130,992 9 3
MUTAG 188 17.9 19.8 3,721 1 1
ENZYMES 600 32.6 62.1 37,284 19 -
PROTEINS 1,113 39.1 72.8 81,049 2 -
NCI1 4,110 29.9 323 132,753 1

NCI109 4,127 29.7 32.1 132,601 1 -
ZINC (full) 249,456 23.2 249 6,211,454 1 1

OGBG-MOLHIV. A molecular property prediction benchmark: binary classification of whether
a molecule inhibits HIV replication. Nodes are atoms with 9 categorical features (atomic num-
ber, chirality, aromaticity, etc.); edges are bonds with 3 categorical features (bond type, stereo,
conjugation).

MUTAG. A dataset of nitroaromatic compounds labeled by mutagenicity. Nodes are atoms (atom
type); edges are bonds (bond type).

ENZYMES. Contains 600 protein tertiary-structure graphs classified into 6 enzyme commis-
sion (EC) classes. Nodes are secondary structure elements (SSEs) with one categorical type (he-
lix/sheet/turn) and 18 continuous attributes. Together, this yields 19 node dimensions. Edges connect
interacting SSEs.

PROTEINS. Protein tertiary-structure graphs with binary labels (enzyme vs. non-enzyme). Nodes
are SSEs with a categorical type and one continuous attribute (2 total dimensions). PROTEINS_full
provides 29 attributes.

NCI1 /NCI109. Molecules tested for anti-cancer activity. Nodes are atoms (1 categorical type
dimension); edges are unlabeled. Graph labels indicate activity against cancer cell lines.

ZINC. Large dataset of drug-like molecules from the ZINC database. Nodes are atoms (1 categori-
cal type dimension), edges are bonds (1 categorical type dimension). Used primarily for property
regression tasks.

C.2 SOCIAL NETWORK GRAPH DATASETS

Table 4: Summary statistics of molecular datasets. Feature columns report only dimensionality. Totals
are estimated as #graphs x average edges.

Dataset Graphs Nodes Edges Tot. E Node dim Edge dim
OGBG-MOLHIV 41,127 25.5 27.5 1,130,992 9 3
MUTAG 188 17.9 19.8 3,721 1 1
ENZYMES 600 32.6 62.1 37,284 19 -
PROTEINS 1,113 39.1 72.8 81,049 2 -
NCI1 4,110 29.9 323 132,753 1

NCI109 4,127 29.7 321 132,601 1 -
ZINC (full) 249,456 23.2 249 6,211,454 1 1
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REDDIT-BINARY, REDDIT-MULTI-SK, REDDIT-MULTI-12K. Each graph represents a
Reddit discussion thread. Nodes are users; edges connect users if one replied to the other. Graph
labels correspond to subreddit/community categories (2, 5, and 11/12 classes, respectively).

IMDB-BINARY / IMDB-MULTI. Graphs are ego-networks of movie collaborations. Nodes are
actors/actresses, and edges indicate co-appearance in a movie. Graph labels are genres: IMDB-
BINARY distinguishes Action vs. Romance, while IMDB-MULTI has three genres (Comedy,
Romance, Sci-Fi).
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D DATASET TRAINING CONFIGURATION

As discussed in Section[3] for each dataset and GNN backbone pair, we searched for the optimal layer
count and layer width combination. The table below details the configuration used for each dataset.
We reiterate that the same configuration was used for the baseline model and the LLM augmented

model.

Table 5: Configuration used for molecular graph datasets, given in a layers/hidden dimension

format.

GCN  GraphConv  GraphSAGE GIN GAT GATv2 GraphGPS
OGBG-MOLHIV  5/256 6/256 6/512 4/512 5/512 5/512 4/512
ZINC 5/512 5/512 4/512 5/256 4/256 47256 57256
MUTAG 6/256 47256 6/512 6/256 4/256 47256 6/256
PROTEINS 6/512 4/512 5/512 3/256 3/512 47256 3/512
ENZYMES 6/512 5/512 5/512 4/256 5/512 4/512 47512
NCI1 3/512 4/512 3/512 3/512 5/512 3/512 57256
NCI109 3/256 6/512 5/512 6/256 4/512 6/512 5/512

Table 6: Configuration used for social network graph datasets, given in a layers/hidden dimension

format.

GCN  GraphConv  GIN GAT GATv2 GraphGPS
Reddit-Binary 47256 5/512 5/512 5/512 5/256 47512
Reddit-Multil2k 5/256 57512 5/512 57512 57256 3/512
Reddit-MultiSK  4/256 41256 3/512 57256 517256 57256
IMDB-Binary 4/512 47512 6/256 5/256 5/512 47256
IMDB-Multi 6/256 5/256 4/256 5/256 6/512 47512
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E CROSS-ATTENTION FOR GNN-LLM INTEGRATION

Cross-attention has emerged as a central mechanism for embedding and aligning multi-modal
information, enabling models to selectively integrate representations across heterogeneous modalities.
For example, they were proven effective in vision-language models (Li et al.| [2023a; |Alayrac et al.|
2022), where textual tokens are grounded in visual features through learned cross-modal interactions.

Formally, given two node feature matrices X¢ € R"9*% X7 € R"7*% the cross-attention layer
is comprised of three (learned) weight matrices that project these features to a shared vector space
with dimension d. Without loss of generality, we will use X as queries and X7 as keys and values
denoted by Wg € Ric*d Wy € Rir*d Wy, € R47:4. Then, we compute

Q=XcW4 K= X7WE V = X W

which are usually termed the query, key, and value matrices, respectively. The cross-attention operator
is then defined as:

. OKT
CrossAttention (X¢, X7) = softmax Nz 14 (24)

In our GINAT, we explore cross-attention as an interface between GNNs and LLMs. Concretely, we
consider GNNs that provide embeddings H¢ € RIVI*4 that encode structural dependencies among
nodes. Specifically, as described in Section 3] we use the messages passed between nodes as queries.
As keys and values, we consider LLM-generated contextualized token embeddings Hy € RE*¢,
Cross-attention is then employed to align these spaces,

Z¢ = CrossAttention(Hg, Hr), (25)

which enriches the messages with semantic cues from language.
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F BACKGROUND: MESSAGE PASSING NEURAL NETWORKS (MPNNS)

Let G = (V, E) be a graph with node set V' and (directed or undirected) edge set £ C V x V.

Each node v € V may have a feature vector hE,O) € R% and each edge (u,v) € E may have

features e,, € R%. MPNNs produce layer-wise node representations {hq(]l)}vev forl =0,...,L
by repeatedly exchanging messages along edges and updating local states. A single layer [ —[+1 is
defined by three components:

message(-), aggregate(-), update(-).

Message. For each incoming edge (u,v) € E, node u sends a message to v:

my,, = message(hg), hd, euv) € Rém, (26)
The function message can be a neural network (e.g., MLP) or a parametric rule (e.g., linear map,
attention score). It may depend on source features hq(f ), target features hq(f), and edge features e,,,.

Aggregate. Node v aggregates all incoming messages from its neighborhood V' (v) = {u | (u,v) €
E'} using a permutation-invariant operator:

ml) = aggregate({ m, cue N(v) }) (27)

Common choices include sum, mean, max, learned attention-weighted sums, or more expressive set
functions. Permutation invariance ensures that reordering neighbors does not change the result.

Update. Node v updates its representation by combining its previous state with the aggregated
message:

hIHY = update(hl), m{V) € RU+1, (28)
Typical updates are MLPs, gated mechanisms (e.g., GRU), residual additions with normalization,

or transformer-style blocks. With permutation-invariant aggregate, the mapping H") — HU+1 is
permutation equivariant at the node level.

Readout for graph-level tasks. For graph-level prediction, node embeddings after L layers are
pooled into a single graph representation via a permutation-invariant readout:

hg = readour({ ) v e V}), J¢ = fread(ha)- (29)

Common readouts include sum/mean/max pooling, attention pooling, Set2Set, SortPool, or hierarchi-
cal pooling. The invariance of readout guarantees that ¢ is independent of node ordering.

Design choices and examples.

¢ GCN-style layers. Messages linearly transform neighbors, often with degree normalization,
and aggregate is summation/mean; update applies a nonlinearity.

* GAT-style layers. message uses learned attention coefficients «,,,, over neighbors; aggregate
is the attention-weighted sum; update applies projection and nonlinearity.

* Edge-aware MPNNs. Edge features e,,, modulate messages (e.g., via edge-conditioned
filters).

 Stabilization. Residual/skip connections, normalization (batch/layer), and dropout are
commonly used to improve optimization and mitigate oversmoothing.

Properties. With permutation-invariant aggregate (and readout), MPNNs are permutation-
equivariant at the node level and permutation-invariant at the graph level. Expressivity grows
with depth and the choice of messagelaggregate/update, and can be related to the Weisfeiler—Leman
hierarchy under suitable conditions.

Summary. An MPNN layer computes messages on edges (26)), aggregates them per node (27), and
updates node states (28)); a graph-level predictor applies a permutation-invariant readout (29). This
decomposition provides a flexible template that subsumes many popular GNN architectures while
preserving the necessary symmetry constraints of graph data.
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Figure 6: Batch of prompts to a single embedding for a batch of nodes configuration training fit curve
for the OGBN-ARXIV dataset
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Figure 7: Prompt to node configuration training fit curve for the OGBN-ARXIV dataset

G NODE CLASSIFCATION

Here, we summarize the experiments conducted to validate the claim that global descriptive prompts
do not significantly contribute to the model’s generalization.

We designed two experimental setups to assess this claim. In the first approach, we employed the
GraphSAINT Node Sampler to sample a batch of nodes from the graph. Analogous to the graph-
level task, we also sampled a batch of prompts and extracted a single embedding representing their
combined information. Cross-attention scores between these concise prompt embeddings and the
node embeddings were then added as a bias to the node embeddings during the message-passing
stage.

In the second approach, we adopted a prompt-per-node strategy, where each node is assigned a dedi-
cated prompt. A cross-attention mechanism is then applied between the node and its corresponding
prompt, allowing node-level interactions with the prompts.

We evaluated both approaches on the ogbn-arxiv and ogbn-products datasets and observed similar
outcomes in both cases. Results, compared to a standard GCN, are shown in Figures @ While
the addition of prompts significantly improves the model’s ability to fit the training data, Figure ??
demonstrates that they provide no meaningful improvement in generalization and, in some cases,
even slightly degrade performance compared to a standard GCN.
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H PROMPTS USED IN OUR EXPERIMENTS

In this appendix, we provide the prompts dataset we used to describe graphs in the reported experi-
ments.

H.1 MOLECULAR GRAPHS DESCRIPTIONS DATASET

[

"A molecular graph where each node represents an atom and each
edge a bond.",

"Graph where atoms are nodes and the bonds between them are
edges.",

"This graph models a molecule with atoms as nodes and bonds as
edges.",

"Represents a chemical structure where nodes are atoms and edges
are covalent bonds.",

"FEach vertex is an atom, and each edge is a chemical bond.",

"A molecule's structure shown with atoms as nodes and bonds as
edges.",

"Nodes correspond to atoms, and edges represent the bonds
connecting them.",

"A graph illustrating atoms as vertices and their chemical
connections as edges.",

"Chemical bonds are edges connecting the atoms, which are
represented by nodes.",

"Atoms form the nodes of the graph, while bonds form the edges.",
"A representation of a molecule's atoms (nodes) and their bonds
(edges) . ",

"This graph depicts a molecule's atomic structure using nodes for
atoms, edges for bonds.",

"Vertices are atoms in a molecule, and edges are the bonds between
them.",

"A molecular graph where nodes stand for atoms and edges for
chemical bonds.",

"The graph's nodes are atoms; its edges are the bonds linking
them.",

"Modeling a chemical compound with atoms as nodes and bonds as
connecting edges.",

"A graph where nodes are atoms and edges show their covalent
connections.",

"Each node signifies an atom, and each edge signifies a chemical
bond.",

"This graph maps atoms to nodes and their chemical bonds to
edges.",

"A molecular representation using nodes for atoms and edges for
their bonds.",

"Atoms are modeled as nodes, and their covalent bonds are modeled
as edges.",

"A graph where vertices represent atoms and edges represent
chemical bonds.",

"This model uses nodes for atoms and edges for the bonds between
them.",

"Depicts a molecule where atoms are vertices and bonds are
edges.",

"A chemical graph with atoms as nodes and their connections as
edges.",

"Nodes are atoms, and the edges show the bonds that connect
them.",
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aoa "This graph's vertices are atoms, and its edges are chemical
1a0s bonds.",

1406 "A representation where atoms are nodes and the edges are their
1407 covalent bonds.",

1408 "Molecular structure where atoms are nodes and edges are their
1409 connecting bonds.",

1410 "Graph showing atoms as nodes and the chemical bonds between them
1411 as edges.",

1412 "Atoms are represented by nodes, and bonds are represented by

1413 edges.",
"A graph of a molecule where nodes are atoms and edges are

1414
1415 bonds.",
"The vertices of this graph are atoms; the edges are their
1416 chemical bonds.",
1417

"This graph illustrates a molecule's atoms as nodes and its bonds
1418 35 edges.",

1419 "A model where nodes denote atoms and edges denote covalent
1420 bonds.",
1421 "Represents a molecule's atoms and bonds as a graph's nodes and
1422  edges.",
1423 "Each node is an atom, connected to others by edges representing
1424 bonds.",

"A graph structure where nodes are atoms and edges are chemical
1425
1426 bonds.",

"The molecule's atoms are nodes, and the bonds between them are
ezt edges.",
1428

"A graph where each vertex is an atom and each edge a covalent
1429 pond.",

1430 "This graph's nodes correspond to atoms, and its edges to chemical
1431 bonds. ",

1432 "A molecular structure is shown, with nodes as atoms and edges as
1433 bonds.",

1434 "Atoms are the vertices, and the bonds between them are the

1435 edges.",
"A graph in which nodes are atoms and edges are their chemical

e bonds.",

s "This represents a molecule's structure with nodes for atoms,

1438 edges for bonds.",

1439 "Nodes stand for atoms, while edges stand for the bonds between

1440 them.",

1441 "A graph depicting atoms as nodes and their covalent bonds as

1442 edges.",

1443 "The atoms of a molecule are nodes; their bonds are the graph's

1444  edges.",

1445 "A model of a molecule using vertices for atoms and edges for

1446 bonds.",

1447 "This graph shows atoms as nodes and their bonds as connecting
edges.",

laas "A chemical structure where atoms are vertices and bonds are

1449 edges.",

1450

"Nodes are the atoms, and edges are the chemical bonds they
1451 form.",

1452 "Represents a molecule with atoms as vertices and bonds as

1453 edges.",

1454 "A graph where nodes are atoms and edges are the links between
1455 them.",

1456 "The vertices in this graph are atoms, and the edges are covalent
1457 bonds.",
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"A molecular graph where atoms are nodes and their bonds are the
edges.",

"This graph models atoms as vertices and their chemical bonds as
edges.",

"A representation where nodes are atoms and edges are their
chemical connections.",

"Atoms are depicted as nodes, and their bonds are depicted as
edges.",

"A graph illustrating a molecule with atoms as nodes and bonds as
edges.",

"Nodes represent the atoms, and edges represent the bonds in a
molecule.",

"This graph's nodes are a molecule's atoms, and its edges are the
bonds.",

"A model where vertices are atoms and edges are their covalent
bonds. ",

"Depicts a chemical structure with nodes for atoms and edges for
bonds.",

"Atoms are the nodes, and the edges are the bonds that link
them.",

"A graph where each node is an atom and each edge is a bond.",
"The vertices represent atoms, and the edges represent the bonds
between them.",

"A molecular graph with nodes as atoms and edges as chemical
bonds. ",

"This graph shows a molecule's atoms as nodes and their bonds as
edges.",

"Nodes are atoms in a chemical structure; edges are the bonds.",
"A graph where atoms are vertices and their covalent bonds are

edges.",
"This model shows atoms as nodes and the bonds connecting them as
edges.",

"Represents a molecule's atomic layout with nodes for atoms, edges
for bonds.",

"Each vertex corresponds to an atom, and each edge to a chemical
bond.",

"A graph of a molecule's atoms (vertices) and their bonds
(edges) . ",

"The nodes of this graph represent atoms, the edges represent
their bonds.",

"A molecular structure modeled with atoms as nodes and bonds as

edges.",
"This graph maps a molecule's atoms to nodes and its bonds to
edges.",

"A representation where vertices are atoms and edges are their
covalent bonds.",

"Atoms are shown as nodes, and their chemical bonds are shown as
edges.",

"A graph where the nodes are atoms and the edges are chemical
bonds.",

"This graph's vertices stand for atoms, and its edges stand for
bonds.",

"A model of a chemical structure with nodes as atoms, edges as
bonds.",

"Depicts atoms as nodes and the bonds that connect them as
edges.",

"A graph where each atom is a node and each bond is an edge.",
"The atoms are the graph's nodes, and their bonds are the edges.",
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"This represents a molecule where atoms are nodes and bonds are
edges.",

"Nodes are atoms, and the edges between them represent covalent
bonds.",

"A graph showing a molecule's atoms as vertices and its bonds as
edges.",

"The vertices are atoms, and the edges are the chemical bonds
connecting them.",

"A molecular graph where nodes represent atoms and edges represent
their bonds.",

"This graph models a molecule's atoms as nodes and their bonds as
edges.",

"A representation of a chemical structure with atoms as nodes,
bonds as edges.",

"Atoms are mapped to nodes, and their bonds are mapped to edges.",
"A graph where nodes are atoms and edges are the connections
between them.",

"The vertices of the graph are atoms, and the edges are their
bonds. ",

"Edges represent bonds between atoms, which are represented by
nodes.",

"Bonds are shown as edges, connecting the atoms which are the
nodes.",

"This graph's edges are bonds, and its nodes are the atoms they
connect.",

"Covalent bonds are edges, linking the atoms which are the
vertices.",

"Each edge is a chemical bond, and each vertex is an atom.",

"A graph where edges are bonds and nodes are the atoms they
link.",

"The bonds are edges, and the atoms they connect are the nodes.",
"Edges are covalent bonds connecting the atoms, which are the
nodes.",

"This graph models bonds as edges and the atoms they link as
nodes.",

"Represents chemical bonds as edges and atoms as the connected
nodes.",

"The edges are bonds, and the vertices are the atoms in the
molecule.",

"A model where edges are bonds and nodes are the atoms they
connect.",

"Bonds are the edges, connecting the atoms which are the graph's
nodes.",

"Edges are chemical bonds, and the nodes they connect are atoms.",
"This graph's edges represent bonds, and its nodes represent
atoms.",

"A representation where edges are bonds and nodes are the
connected atoms.",

"The chemical bonds are edges, and the atoms are the graph's
vertices.",

"Edges denote covalent bonds, and nodes denote the atoms they
link.",

"This graph shows bonds as edges and the atoms they connect as
nodes.",

"A structure where edges are bonds and the nodes are atoms.",
"Bonds are modeled as edges, and the atoms they connect are
nodes.",

"The edges of this graph are bonds; the nodes are the atoms.",
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"A graph where bonds are edges and the atoms they connect are
nodes.",

"This model uses edges for bonds and nodes for the connected
atoms.",

"Depicts bonds as edges and the atoms they connect as vertices.",
"A chemical graph with bonds as edges and atoms as the nodes.",
"Edges are the bonds, and the nodes are the atoms they connect.",
"This graph's edges are chemical bonds, and its vertices are
atoms.",

"A representation where bonds are edges and the connected atoms
are nodes.",

"Molecular bonds are edges, and the atoms they connect are
nodes.",

"Graph showing bonds as edges and the atoms they connect as
nodes.",

"Bonds are represented by edges, and atoms are represented by
nodes.",

"A graph of a molecule where edges are bonds and nodes are
atoms.",

"The edges of this graph are chemical bonds; the vertices are
atoms.",

"This graph illustrates bonds as edges and its atoms as nodes.",
"A model where edges denote bonds and nodes denote atoms.",
"Represents a molecule's bonds and atoms as a graph's edges and
nodes.",

"Each edge is a bond, connecting atoms which are represented by
nodes.",

"A graph structure where edges are bonds and nodes are atoms.",
"The molecule's bonds are edges, and the atoms they connect are
nodes.",

"A graph where each edge is a covalent bond and each vertex is an
atom.",

"This graph's edges correspond to bonds, and its nodes to atoms.",
"A molecular structure is shown, with edges as bonds and nodes as
atoms.",

"Bonds are the edges, and the atoms they connect are the
vertices.",

"A graph in which edges are chemical bonds and nodes are atoms.",
"This represents a molecule's structure with edges for bonds,
nodes for atoms.",

"Edges stand for bonds, while nodes stand for the atoms they
connect.",

"A graph depicting bonds as edges and their connected atoms as
nodes.",

"The bonds of a molecule are edges; their atoms are the graph's
nodes.",

"A model of a molecule using edges for bonds and vertices for
atoms.",

"This graph shows bonds as edges and their connected atoms as
nodes.",

"A chemical structure where bonds are edges and atoms are
vertices.",

"Edges are the chemical bonds, and nodes are the atoms they
form.",

"Represents a molecule with bonds as edges and atoms as
vertices.",

"A graph where edges are the links and nodes are the atoms.",
"The edges in this graph are covalent bonds, and the vertices are
atoms.",
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1620 "A molecular graph where bonds are edges and their atoms are the
1621 n

nodes.",
1622

"This graph models bonds as edges and their chemical atoms as
1623 vyertices.",

1624 "A representation where edges are chemical connections and nodes

1625 are atoms.",

1626 "Bonds are depicted as edges, and their atoms are depicted as

1627 nodes.",

1628 "A graph illustrating a molecule with bonds as edges and atoms as

1629 nodes.",

1630 "Edges represent the bonds, and nodes represent the atoms in a
molecule.",

19 "This graph's edges are a molecule's bonds, and its nodes are the

1632 atoms.",

1633 "A model where edges are covalent bonds and vertices are atoms.",

1634 "Depicts a chemical structure with edges for bonds and nodes for

1635 atoms.",

1636 "Bonds are the edges, and the nodes are the atoms that they

1637 link.",

1638 "A graph where each edge is a bond and each node is an atom.",

1639 "The edges represent the bonds, and the vertices represent the

1640 atoms.",
1641 "A molecular graph with edges as chemical bonds and nodes as

atoms.",

12:2 "This graph shows a molecule's bonds as edges and their atoms as
nodes."

1644 !

"Edges are the bonds in a chemical structure; nodes are the
1645 atoms.",

1646 "A graph where bonds are edges and their covalent atoms are

1647 vertices.",

1648 "This model shows bonds as edges and the atoms they connect as

1649 nodes.",

1650 "Represents a molecule's bond layout with edges for bonds, nodes

1651 for atoms.",

1652 "Each edge corresponds to a chemical bond, and each vertex to an
atom.",

1ee "A graph of a molecule's bonds (edges) and their atoms

1654 (vertices).",

1655 "The edges of this graph represent bonds, the nodes represent

1656 their atoms.",

1657 "A molecular structure modeled with edges as bonds and nodes as

1658 atoms.",

1659 "This graph maps a molecule's bonds to edges and its atoms to

1660 nodes.",

1661 "A representation where edges are covalent bonds and vertices are

1662 atoms.",
"Bonds are shown as edges, and their chemical atoms are shown as

1663
1664 nodes.",
"A graph where the edges are chemical bonds and the nodes are
1665 atoms.",
1666

"This graph's edges stand for bonds, and its vertices stand for
1667 atoms.",

1668 "A model of a chemical structure with edges as bonds, nodes as
1669 atoms.",

1670 "Depicts bonds as edges and the atoms that they connect as

1671 nodes.",

1672 "A graph where each bond is an edge and each atom is a node.",
1673 "The bonds are the graph's edges, and their atoms are the nodes.",
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"This represents a molecule where bonds are edges and atoms are
nodes.",

"Edges are covalent bonds, and the nodes between them represent
atoms.",

"A graph showing a molecule's bonds as edges and its atoms as
vertices.",

"The edges are the chemical bonds, and the vertices are the
connecting atoms.",

"A molecular graph where edges represent bonds and nodes represent
their atoms.",

"This graph models a molecule's bonds as edges and their atoms as
nodes.",

"A representation of a chemical structure with edges as bonds,
nodes as atoms.",

"Bonds are mapped to edges, and their atoms are mapped to nodes.",
"A graph where edges are the connections and nodes are the
atoms.",

"The edges of the graph are bonds, and the vertices are their
atoms."

]

H.2 IMDB-* GRAPHS DESCRIPTIONS DATASET

"Nodes are actors; an edge connects them if they appeared in the
same movie together.",

"An edge links two actor nodes if they both shared the screen in
the same film.",

"Actors who have co-starred in a movie are connected by an edge
in this graph.",

"This graph connects actors as nodes, an edge signifying a
shared movie credit between them.",

"When two actors appear in the same film, their corresponding
nodes are linked by an edge.",

"Vertices represent actors; a connection is formed if they
collaborated on the same film project.",

"Nodes are actors. An edge exists if two actors have worked on a
movie together.",

"An edge connects two nodes if the actors they represent
appeared in the same motion picture.",

"This network models actors as nodes, with edges for sharing a
credit in a movie.",

"If two actors were cast in the same movie, their nodes are
connected by an edge.",

"Actors are nodes. A link is drawn between them if they shared a
film credit.",

"Connect two actor nodes with an edge if they have ever
performed in a movie together.",

"This graph represents actors as nodes, linking those who have
co—appeared in any film.",

"A shared movie appearance creates an edge between the nodes
representing the respective actors.",

"Nodes are performers, and an edge links them if they acted in
the same film production.",

"An edge is created between two actor nodes if they were both in
the same movie.",

"The vertices are actors; an edge connects them if they were
co-stars in a film.",
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s "Actors are represented as nodes, connected by edges if they
1729 appeared in a shared movie.",
1730 "Draw an edge between two actor nodes if they have a common film
1731 in their filmography.",
1732 "A connection exists between two actor nodes for a shared movie
1733 appearance.",
1734 "Nodes symbolize actors. An edge signifies that they have acted
1735 together in a movie.",
1736 "If actors share a movie credit, their nodes are connected in
1737 this graph representation.",
1738 "This is a graph of actors, where an edge connects any two who
1739 acted together.",

"Two actor nodes are linked if the performers appeared together
1;:? in the same feature film.",

"An edge is present between two nodes if the actors shared a
1742 role in a movie.",

1743 "Actors who have collaborated on a film are connected by an edge
1744 between their nodes.",

1745 "Nodes represent actors. A link is formed if they have ever

1746 co-starred in a film.",

1747 "This network connects actors who have appeared in at least one
1748 movie together.",

"An edge between two nodes means the actors performed in the

1749 :
1750 same film.",
"Let nodes be actors. An edge connects them if they shared a
1751 movie production.",
1752

"A graph where nodes are actors and an edge means a shared movie
1753 credit.",

1754 "Actors are nodes, linked by an edge if they appeared in the

1755 same motion picture.",

1756 "An edge Jjoins two actor nodes if they have ever been in a movie

1757 together.",

1758 "Vertices are actors. A link between them means they acted in

1759 the same movie.",

1760 "Connect nodes if the actors they represent were featured in the
same movie.",

et "Nodes are actors. They are connected if they have ever shared a

1762 movie set.",

1763 "An edge exists between actor nodes for every shared film

1764 appearance.",

1765 "The graph links actors as nodes if they have a common movie

1766 credit.",

1767 "Actors are the nodes, and a shared film role creates an edge

1768 between them.",

1769 "A shared movie credit between two actors results in an edge

1770 connecting their nodes.",

1771 "Nodes are actors. An edge connects two if they have a shared
movie in common.",

e "If two actors were in the same movie, their nodes are connected

1773 by a link.",

1774 "This graph's nodes are actors. Edges connect those who have

1775 acted in a movie together.",

1776 "An edge connects two actor nodes if they have ever shared a

1777 screen credit.",

1778 "Actors are nodes. A connection is made if they have appeared in

1779 a film together.",

1780 "The nodes are actors, and an edge means they worked on the same

1781 movie.",
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ez "An edge links actor nodes that have co-appeared in any film

1783 production.",

1784 "Nodes represent actors. An edge is drawn for a shared

1785 appearance in a movie.",

1786 "Two nodes are connected if the actors they represent have

1787 co-starred in a motion picture.",

1788 "This network connects actors as nodes if they have ever worked

1789 on a movie together.",

1790 "A link is established between actor nodes if they were cast in

1791 the same film.",

1792 "The vertices are actors, connected by an edge if they were in
the same movie.",

s "An edge exists between two nodes if their actors appeared in

1794 the same film.",

1795

"Nodes are actors. An edge means they have a common movie credit
1796 on their resumes.",

1797 "Connect two actor nodes i1f they have at any point acted in a
1798 movie together.",

1799 "A shared appearance in a film creates an edge between the
1800 corresponding actor nodes.",

1801 "This graph models actors as nodes, connecting them if they
1802 co-starred in a movie.",

"An edge links actors who have worked together on any single

1803 . : .

1804 movie production.", . o
"Nodes represent actors. An edge signifies they were featured in

1805 the same motion picture.",

1806 "If actors have a shared movie credit, we connect their nodes

1807 with an edge.",

1808 "This is a network of actors, linked together if they appeared

1809 in a movie.",

1810 "Vertices are actors. An edge between them indicates a shared

1811 film appearance.",

1812 "Nodes are actors. A shared movie appearance between them

1813 results in a connecting edge.",

1814 "Connect two actor nodes if the performers have ever shared the
screen in a film.",

et "An edge is created between actor nodes if they have a mutual

1816 movie credit.",

1817 "This graph links actors who have been cast in the same movie at

1818 any time.",

1819 "Nodes are actors. An edge connects them if they have a shared

1820 film in their history.",

1821 "A connection is made between two actor nodes if they acted in

1822 the same movie.",

1823 "If two actors worked together on a movie, their nodes are

1824 linked in this graph.",

1825 "An edge connects nodes of actors who have been co-stars in any
given movie.",

1826 "The nodes are actors, and they are linked if they appeared in a

1827 movie together.",

1828 "Actors who have shared a film set are connected by an edge

1829 between their nodes.",

1830 "This network's nodes are actors. An edge means they appeared in

1831 the same movie.",

1832 "An edge links two actor nodes when they have a common movie

1833 credit.",

1834 "Nodes represent actors. An edge is formed for a shared role in

1835 a film.",
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1836 "Connect nodes representing actors who have collaborated on a
1837 motion picture.",
1838

"An edge exists between two nodes if the actors have ever acted
1839 together.",

1840 "The graph has actors as nodes, with edges for shared movie

1841 appearances.",

1842 "A link between two nodes means the actors have a shared movie

1843 credit.",

1844 "Nodes are actors. An edge indicates they have been in a film

1845 together.",

1846 "Two actor nodes are connected if they have a mutual film in
their careers.",

ear "This graph connects actors as nodes if they have ever been in a

1848 movie together.",

1849

"An edge signifies that two actors have co-starred in the same
1850 film production.",

1851 "Vertices are actors. A connection exists i1if they were featured

1852 in the same movie.",

1853 "Nodes are actors. An edge is drawn if they have acted in a

1854 movie together.",

1855 "If two actors have a shared film credit, their nodes are

1856 connected with an edge.",

1857 "The network's nodes are actors, linked if they were cast in the
same movie.",

858 "An edge connects two actor nodes if they have ever worked on a

1859 film together.",

1860 "A shared movie role between two actors creates an edge

1861 connecting their nodes.",

1862 "This graph represents actors as nodes, linked if they have

1863 shared a movie credit.",

1864 "Nodes are actors. An edge is present if they have ever been in

1865 a movie together.",

1866 "Connect two nodes if the actors they represent have ever been

1867 in a film together.",

1868 "An edge links nodes of actors who have co-appeared in the same
movie.",

1869 "A connection between actor nodes is formed if they have a

1870 shared movie credit.",

1871 "Nodes are actors. A link is created if they acted in the same

1872 movie.",

1873 "If two actors have worked on a film together, their nodes are

1874 connected by an edge.",

1875 "The vertices represent actors, connected by edges if they

1876 shared a movie credit.",

1877 "This graph connects actors as nodes who have ever been in a

1878 movie together.",

1879 "An edge between two nodes indicates a shared movie credit for
the actors.",

880 "Nodes are actors. They are connected if they have ever acted in

1881 a film together.",

1882 "An edge exists between two actor nodes if they have a shared

1883 film in their filmography.",

1884 "Connect nodes if their actors have appeared together in any

1885 movie.",

1886 "A link between two actor nodes means they have a mutual movie

1887 credit.",

1888 "This network has actors as nodes, with edges for co-starring in

1889 a film.",
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1890 "Nodes are actors. An edge signifies that they have been in a
1891 movie together.",
1892 "Two nodes are connected if their respective actors have ever
1893 been in a movie together.",
1894 "An edge links actor nodes if they have ever collaborated on a
1895 film project.",
1896 "The graph's nodes are actors, connected if they have shared a
1897 movie credit.",
1898 "A shared appearance in a movie results in an edge between the
1899 actor nodes.",
1900 "No<.ies are actors. An edge connects them if they have a mutual
1901 movie appearance.",

"If two actors have been in a movie together, their nodes are
1902 connected by an edge.",
1903

"This graph links actors who have ever worked on the same movie
1904 production.",

1905 "An edge connects two actor nodes if they share a credit in any
1906 film.",

1907 "Vertices are actors. A link is made if they have been in a

1908 movie together.",

1909 "Nodes represent actors. An edge is created if they have a

1910 shared movie credit.",

1911 "Cor.mect two nodes if the actors have ever been cast in the same
1912 movie.",

"An edge means that two actors have at some point been in a

1913 movie together.",

1914 "The network connects actors as nodes if they have ever shared a

1915 film credit.",

1916 "A connection is established between actor nodes for a shared

1917 movie role.",

1918 "Nodes are actors. An edge is formed if they have ever been in a

1919 film together.",

1920 "If two actors have appeared in a movie together, their nodes

1921 are linked.",

1922 "This graph's vertices are actors, connected by edges for shared
movie roles.",

od "An edge links two nodes if the actors have ever been in a movie

1924 together.",

1925 "Nodes are actors. A connection is made if they have a shared

1926 movie credit.",

1927 "Two nodes are linked if the actors have ever been in the same

1928 movie.",

1929 "An edge signifies that two actors have a shared credit in their

1930 filmographies.",

1931 "The graph connects actors who have at any time been in a movie

1932 together.",

1933 "A link between two nodes means the actors have been in a movie
together.",

o "Nodes are actors. An edge is drawn between them if they have a

1935 shared movie.",

1936 "If actors have been in a movie together, their nodes are

1937 connected by an edge.",

1938 "This network represents actors as nodes, connected if they have

1939 a shared film credit.",

1940 "An edge between two nodes means the actors have a shared movie

1941 credit.",

1942 "Vertices are actors. A connection is made if they have acted in

1943 a movie together.",
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oas "Nodes are actors. An edge connects them if they have ever
1948 worked together on a film.",
1946

"Connect two actor nodes if they have ever been in the same film
1947 production.",

1948 "An edge links nodes if the actors have a shared movie
1949 appearance.",
1950 "The graph has actors as nodes. An edge means they were in a
1951 movie together.",
1952 "A shared film credit creates an edge between the corresponding
1953 actor nodes.",
1954 "No@es are actors. A link is made if they have ever been in a
1955 movie together.",
"If two actors have a shared film, an edge connects their
1956 nodes.",
1957

"This network connects actors as nodes if they have ever been in
1958 a movie together.",

1959 "An edge signifies that two actors have been in the same movie
1960 together.",

1961 "Vertices are actors. A connection is made if they have a shared
1962 movie credit.",

1963 "Nodes are actors. An edge is created if they have ever been in
1964 a movie together.",

"Connect two nodes if their actors have a shared movie credit.",

e "An edge means that two actors have been in a movie together.",
1966 N . .
The network connects actors who have ever been in a movie
1967 together as nodes.",
1968 "A connection is established between nodes if the actors were in
1969 the same movie.",
1970 "Nodes are actors. An edge is formed if they have been in a
1971 movie together.",
1972 "If two actors have been in a movie together, an edge connects
1973 their nodes.",
1974 "This graph's vertices are actors. Edges connect those with a
1975 shared movie credit.",
1976 "An edge links two nodes if their actors have ever been in a
movie together.",
e "Nodes are actors. A connection is made if they share a movie
1978 credit.",
1979 "Two nodes are linked if their actors have ever been in the same
1980 movie.",
1981 "An edge signifies that two actors share a credit in their
1982 filmographies.",
1983 "The graph connects actors who have ever been in a movie
1984 together.",
1985 "A link between two nodes means the actors have been in a movie
1986 together.",
1987 "Nodes are actors. An edge is drawn if they have a shared
movie.",
ose "If actors have been in a movie together, their nodes are
1989 connected.",
1990

"This network represents actors as nodes, connected by a shared
1991 film credit.",

1992 "An edge between two nodes means the actors have a shared movie
1993 credit.",

1994 "Vertices are actors. A connection means they acted in a movie
1995 together.",

1996 "Nodes are actors. An edge connects them if they worked together
1997 on a film.",
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1222 "Connect two actor nodes if they were in the same film
production.”
2000 '

"An edge links nodes if the actors have a shared movie
2001 appearance.",

2002 "The graph has actors as nodes, with edges for being in a movie

2003 together.",

2004 "A shared film credit creates an edge between actor nodes.",

2005 "Nodes are actors. A link is made if they were in a movie

2006 together.",

2007 "If two actors have a shared film, an edge connects their

2008 nodes. ", . . .

2009 "This network connects actors as nodes if they were in a movie
together.",

2010 "An edge signifies that two actors were in the same movie

20Mm together.",

2012 "Vertices are actors. A connection is made if they have a shared

2013 movie credit.",

2014 "Nodes are actors. An edge is created if they were in a movie

2015 together.",

2016 "Connect two nodes if their actors have a shared movie credit.",

2017 "An edge means that two actors were in a movie together.",

2018 "The network connects actors who were in a movie together as

2019 nodes.",

2020 "A connection is established between nodes if the actors were in
the same movie.",

2021 "Nodes are actors. An edge is formed if they were in a movie

2022 together.",

2023 "If two actors were in a movie together, an edge connects their

2024 nodes.",

2025 "This graph's vertices are actors. Edges connect those with a

2026 shared movie credit.",

2027 "An edge links two nodes if their actors were in a movie

2028 together. ",

2029 "Nodes are actors. A connection is made if they share a movie

2030 credit.",

5031 "Two nodes are linked if their actors were in the same movie.",
"An edge signifies that two actors share a credit in their

2032 filmographies.",

2033 "The graph connects actors who were in a movie together.",

2034 "A link between two nodes means the actors were in a movie

2035 together.",

2036 "Nodes are actors. An edge is drawn if they have a shared

2037 movie.",

2038 "If actors were in a movie together, their nodes are

2039 connected.",

2040 "This network represents actors as nodes, connected by a shared

2041 film credit.",

2042 "An edge between two nodes means the actors have a shared movie
credit.",

2043 "Vertices are actors. A connection means they acted in a movie

2044 together.",

2045 "Nodes are actors. An edge connects them if they worked together

2046 on a film.",

2047 "Connect two actor nodes if they were in the same film

2048 production.",

2049 "An edge links nodes if the actors have a shared movie

2050 appearance.",

2051 "The graph has actors as nodes, with edges for being in a movie

together.",
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wuse "A shared film credit creates an edge between actor nodes.",
2053 "Nodes are actors. A link is made if they were in a movie
2054 together."
2055
2056
2057
2058 H.3 REDDIT-* GRAPHS DESCRIPTIONS DATASET
2059
2060 [
2061 "This network maps comment-based relationships between users.
2062 Each node is a user, and a link signifies a direct reply.",
2063 "Construct a graph where participants are nodes. A tie exists if
2064 one member commented on another.",
2065 "An edge connects two user nodes when a comment is exchanged
2066 between the individuals they represent.",
2067 "We model a social graph where vertices are users. A directed
arc from user A to B indicates A commented on B's content.",
2068 "Individuals are represented as nodes. A connection is formed
2069 between two nodes through a comment.",
2070 "This graph illustrates user engagement. Nodes represent users,
2071 and edges show who is commenting on whom.",
2072 "Each node corresponds to a platform user. Edges indicate a
2073 direct comment was made from one to another.",
2074 "A user is a node. We draw an edge between two nodes if a
2075 comment interaction occurs between them.",
2076 "This graph connects authors who comment on each other's work,
2077 where each author is a node in the network.",
2078 "Nodes are users. An edge is created if one user writes a remark
to another.",
2079 "An edge is formed between two user nodes if a comment is
2080 exchanged. The nodes themselves simply represent the users.",
2081 "Let nodes be contributors. An edge connects nodes if a comment
2082 is made between them.",
2083 "Users are modeled as nodes. An edge between two nodes signifies
2084 a direct comment interaction.",
2085 "The network's vertices are users. An edge connects two vertices
2086 if one user commented on the other's content.",
2087 "Define nodes as users. An edge represents a comment from one
2088 user to another.",
"A comment from one user to another creates an edge between
2089 . . .
their corresponding nodes in the graph.",
2090 "Nodes are individual users. An edge appears if one user has
2091 commented on the other.",
2092 "Represent users as nodes. An edge signifies that one of the
2093 users commented on the other.",
2094 "This is a graph of users where an edge connects two users if
2095 one has replied to the other.",
2096 "Vertices in the graph are users. A connection exists if one
2097 user commented directly on the other’s post.",
2098 "When a user comments on another's content, an edge is created
2099 between their corresponding nodes.",
2100 "Nodes are users. An edge links two nodes if a comment occurred
between those users.",
2101 "The graph maps user interactions. Nodes are users and edges are
2102 formed when one user comments on another.",
2103 "Each node is a user. An edge forms if one user comments on
2104 content created by the other.",
2105 "Model a network where users are nodes. A comment between two

users creates an edge.",
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2106 "An edge is created between two user nodes upon a comment
2107 interaction.",
2108 "Let each user be a node. An edge exists if one user commented
2109 on the other.",
2110 "User nodes are connected by an edge if a comment was posted
2111 from one to the other.",
2112 "The graph represents users as nodes. An edge is present if a
2113 comment was made from one user to another.",
2114 "Nodes correspond to users, and edges represent comment
2115 interactions between them.",
2116 "A directed edge connects a commenter to a recipient, both of
whom are nodes representing users.",
s "We construct a graph where nodes are users and an edge
2118 indicates a comment was made.",
2119 "Each node is a user. An edge connects two nodes if a comment
2120 was exchanged between them.",
2121 "Users are nodes in a graph. A link is formed if one user
2122 replies to the other via comment.",
2123 "This network connects users through comments. A node is a user
2124 and an edge is a comment between them.",
2125 "Nodes symbolize users. Edges are formed based on direct comment
2126 interactions between these users.",
2127 "An interaction via comment creates an edge between two user
nodes.",
2128 "The vertices are users. An edge links two users if one has
2129 commented on the other.",
2130 "Users are represented as nodes in a graph, and an edge
2131 signifies a comment interaction.",
2132 "A graph is built where nodes are users. A comment from user A
2133 to B creates a directed edge.",
2134 "Nodes are users. An edge is created if one user directs a
2135 comment at the other.",
2136 "A comment between users forms an edge connecting their nodes.",
2137 "Represent each user as a node. Connect two nodes with an edge
2138 if one user commented on the other.",
"In this graph, a node is a user. An edge connects two users if
2139
one has commented on the other.",
2140 "We define a user interaction graph where nodes are users and
2141 edges represent comments.",
2142 "The graph's nodes are users. An edge is drawn between nodes if
2143 their users had a comment interaction.",
2144 "An edge signifies a comment from one user to another, where
2145 each user is a node.",
2146 "Let nodes be users. An edge from node A to B indicates user A
2147 commented on user B.",
2148 "Users are represented as nodes, and a comment between them
2149 forms an edge.",
"The network's nodes are users. An edge exists if one user has
2150
posted a comment to the other.",
2151 "Nodes represent users. An edge connects two nodes if one user
2152 has commented to the other.",
2153 "A comment from one user to another establishes a connection
2154 between their nodes.",
2155 "In this representation, users are nodes. An edge is formed if
2156 one user commented on another's content.",
2157 "The graph links users who have commented on each other. The
2158 nodes in the graph are the users themselves.",
2159 "Each user is a node. A directed edge indicates a comment from

one user to another.",
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2160 "Nodes are users. An edge between two nodes means one commented

2161 on the other's post.",

2162 "An edge connects two users if a comment was made between them.

2163 Each user is a node.",

2164 "We create a graph where nodes are users, and edges are the

2165 comments made between them.",

2166 "Users are nodes. An edge is present if one user comments on

2167 content posted by the other user.",

2168 "This graph models comment interactions. Nodes are users, and an
2169 edge means a comment was made between them.",

"A node represents a user. An edge is created when a comment is

Z;? directed from one user to another.",
"Nodes are users. An edge between two nodes indicates a comment
2172 was exchanged.",
2173 "Let users be nodes. A directed edge connects a commenter to the
2174 recipient of the comment.",
2175 "The graph's vertices are users, and an edge exists if a comment
2176 was made between them.",
2177 "An edge is drawn between two user nodes if one commented on the
2178 other.",
2179 "Nodes are users. An edge 1s added if one user comments on the
2180 other's activity.",
2181 "Users are nodes in this network. An edge signifies a comment
interaction.",
alee "We build a graph of users where an edge signifies a comment.",
2183 "Represent users as nodes. If one comments on another, an edge
2184 connects their nodes.",
2185 "This network connects users via comments, where nodes are users
2186 and edges are the comments.",
2187 "Each node is a user, and a comment between them creates an
2188 edge.",
2189 "Nodes are users, and edges denote comment interactions between
2190 them. ",
2191 "A user is a node. A directed edge is created from a user who
2192 comments to the one who receives it.",
"The graph structure has users as nodes, and a comment creates
2199 an edge between them.",
2194 "If user A comments on user B, an edge links their respective
2195 nodes.",
2196 "Nodes are users. An edge between them exists if one user
2197 commented on the other's post.",
2198 "The graph's nodes represent users. An edge connects two nodes
2199 if a comment was made between them.",
2200 "An edge indicates a comment from one user to another. The nodes
2201 in the graph are the users.",
2902 "Users are nodes. An edge is established when one user comments
2203 on another's content.",
"This graph maps user interactions. Nodes are users and edges
2eud signify a comment between two users.",
2205 "A node is a user. An edge is formed if a comment is made by one
2206 user to another.",
2207 "Nodes represent users, and an edge is a comment between them.",
2208 "Users are modeled as nodes. An edge signifies a comment
2209 directed from one user to another.",
2210 "Vertices in the graph are users, and an edge connects them if a
2211 comment was exchanged.",
2912 "An edge connects two user nodes following a comment
2213 interaction.",
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we "Nodes are users. A directed edge is drawn from the commenter to
2215 the one being commented on.",
2216 "We model a network where users are nodes, and comments are
2217 edges.",
2218 "A user is a node. An edge is drawn if one user has commented on
2219 the other.",
2220 "This graph connects users through their comments, where nodes
2221 are users.",
9999 "Nodes are users. An edge is created if one user directs a
2993 comment at another.",
2994 "An edge is formed bgtween tv.vo nodes if their corresponding
2995 users had a comment interaction.",
"Let nodes be users. An edge connects two nodes if one user
2226 posted a comment to the other.",
2227 "Users are the nodes of the graph, and a comment between them
2228 creates an edge.",
2229 "The network's nodes are users, and a comment forms an edge
2230 between them.",
2231 "A comment interaction between two users creates an edge between
2232 their nodes.",
2233 "Nodes are users. A link between two nodes means one user
2934 commented on the other.",
2235 "We construct a graph where users are nodes. A comment from one
2936 to another creates an edge.",
"Each user is a node. An edge exists between nodes if their
2237 users exchanged a comment.",
2238 "Users are represented as nodes, and their comment interactions
2239 are represented as edges.",
2240 "The graph consists of user nodes. An edge is drawn if a comment
2241 is made between them.",
2242 "A directed edge from node A to B means user A commented on user
2243 B.",
2244 "Nodes represent users. An edge connects nodes if a comment was
2245 made between the users.",
2246 "An edge is created between two user nodes when one comments on
the other.",
wear "Let users be nodes. An edge is formed if one user comments on
2248 another's content.",
2249 "The graph models users as nodes and comments as edges.",
2250 "A user is a node, and an edge is a comment between two such
2251 nodes.",
2252 "Nodes are users. An edge is drawn when a comment is made from
2253 one user to another.",
2254 "This network's vertices are users, connected by edges if a
2255 comment was made.",
2956 "An edge links two nodes if one user commented on the other. The
2257 nodes represent users.",
"Users are nodes in a graph. An edge is created if one user
2258 . .
replies to another with a comment.",
2259 "The graph maps user comments. Nodes are users and edges are
2260 formed when one user comments on another.",
2261 "A node is a user. An edge is established if a comment
2262 interaction occurs between two users.",
2263 "Nodes represent users, and edges signify comment
2264 interactions.",
2265 "Users are modeled as nodes. A directed edge connects a
2966 commenter to the comment's recipient.",
2967 "A graph is built with users as nodes and comments as edges.",
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2ees "A comment from user A to user B creates a link between their
2269 nodes.",
2270 "Nodes are users. An edge is present if one user has commented
2271 on another's activity.",
2272 "The graph's nodes are users. An edge is drawn if a comment
2273 interaction happened between them.",
2274 "An edge signifies a comment between two users, who are the
2275 nodes of the graph.",
2276 "Users are nodes. An edge appears when one user directs a
2977 comment at another user.",
2278 "This graph connects users who have engaged via comments. Nodes
are users and edges are comments.",
2279 " .
A node is a user. An edge forms when one user comments on
2280 another's content.",
2281 "Nodes represent users, and an edge indicates a comment was made
2282 between them.",
2283 "Let users be nodes. A directed edge is created when one user
2284 comments on another's post.",
2285 "The vertices of the graph are users, and an edge signifies a
2286 comment.",
2287 "An edge connects two user nodes if a comment was exchanged
2288 between them.",
2289 "Nodes are users. An edge is added if one user comments on
2990 ano?her user's post.", . .
"This network shows user comment interactions. Nodes are users
2;2; and an edge means one commented on another.",

"We build a graph of users, where an edge represents a comment
2293 between them.",

2294 "Represent users as nodes. If one user comments on another,

2295 their nodes are connected.",

2296 "This network maps user comments. Nodes are users and an edge is

2297 formed for each comment between users.",

2208 "Each node is a user, and a comment creates an edge between

2299 them.",

2300 "Nodes are users, and edges represent comment-based
interactions.",

220 "A user is a node. A directed edge is created for a comment from

2302 one user to another.",

2303

"The graph structure uses users as nodes. A comment forms an
2304 edge between them.",

2305 "When user A comments on user B, an edge links their respective

2306 nodes.",

2307 "Nodes are users. An edge exists i1if one user commented on

2308 another's contribution.",

2309 "The graph's nodes are users. An edge is made between nodes if a

2310 comment was exchanged.",

2311 "An edge indicates a comment from one user to another. The nodes
are users.",

w2 "Users are nodes. An edge is formed when one user comments on

2313 something another user posted.",

2314 "This graph connects users who comment on one another. Nodes are

2315 users, and edges signify a comment interaction.",

2316 "A node is a user. An edge is formed if a comment is directed

2317 from one user to another.",

2318 "Nodes represent users, and an edge is a comment.",

2319 "Users are modeled as nodes. An edge is created if one user

2320 comments on another's post.",

2321 "Vertices in the graph are users, and an edge connects them if a

comment was made.",
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w2 "An edge connects two user nodes after a comment is made between
2323 them.",
2324 "Nodes are users. A directed edge goes from the commenter to the
2325 person they commented on.",
2326 "We model a network where users are nodes, and directed comments
2327 are edges.",
2328 "A user is a node. An edge is drawn if one user has commented on
2329 another's content.",
2330 "This graph links users via their comments. Nodes are users and
2331 edges represent a comment between them.",
2332 "Nodes are users. An edge is created if one user posts a comment
2333 to another.",
"An edge is formed between two nodes if their users had a
2334 comment exchange.",
2335 "Let nodes be users. An edge connects two nodes if one user
2336 wrote a comment to the other.",
2337 "Users are the nodes of this graph, and a comment interaction
2338 creates an edge.",
2339 "The network's nodes are users, and a comment between them makes
2340 an edge.",
2341 "A comment interaction between users creates a link between
2342 their nodes.",
2343 "Nodes are users. A connection between two nodes means one user
2344 commented to the other.",
"We construct a graph where users are nodes and a comment from
2345 one to another creates a directed edge.",
2346 "Each user is a node. An edge exists between nodes if a comment
2347 was made between them.",
2348 "Users are represented as nodes, and their direct comments as
2349 edges.",
2350 "The graph consists of user nodes. An edge is drawn if a comment
2351 is posted between them.",
2359 "A directed edge from node A to B indicates that user A
2353 commented on user B, where A and B are users.",
2354 "Nodes represent users. An edge connects nodes if a comment was
posted between the users.",
2950 "An edge is created between two user nodes when one comments on
2356 the other's post.",
2357 "Let users be nodes. An edge is formed if one user comments on
2358 another person's content.",
2359 "The graph models users as nodes and directed comments as
2360 edges.",
2361 "A user is a node, and an edge is a comment interaction between
2362 two user nodes.",
2363 "Nodes are users. An edge is drawn when a comment is made from
2364 one user to another.",
2365 "This network's vertices are users, connected by edges if a
comment was made.",
2960 "An edge links two nodes if one user commented on the other's
2367 content, with nodes being users.",
2368 "Users are nodes in a graph. An edge is created if one user
2369 replies to another.",
2370 "The graph maps user comment activity. Nodes are users and edges
2371 are formed when one comments on another.",
2372 "A node is a user. An edge is established if a comment
2373 interaction occurs between two of them.",
2374 "Nodes represent users, and edges signify direct comment
2375 interactions between them.",
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2576 "Users are modeled as nodes. A directed edge connects a
2377 commenter to the recipient of their comment.",
2378 "A graph is built with users as nodes and their comments as the
2379 edges between them.",
2380 "A comment from user A to user B creates a link between their
2381 corresponding nodes.",
2382 "Nodes are users. An edge is present if one user has commented
2383 on another user's activity.",
2384 "The graph's nodes are users. An edge is drawn if a comment
2385 interaction took place between them.",
2386 "An edge signifies a comment between two distinct users, who are
represented as nodes.",
2387 " .
Users are nodes. An edge appears when one user directs a
2388 comment towards another user.",
2389 "This graph connects users who have engaged with each other via
2390 comments. Nodes are users, edges are comments.",
2391 "A node is a user. An edge forms when one user comments on
2392 another user's content.",
2393 "Nodes represent users, and an edge indicates a comment was made
2394 between them.",
2395 "Let users be nodes. A directed edge is created when one user
2396 comments on another user's post.",
2397 "The vertices of the graph are users, and an edge signifies a
2398 comment between them.",
"An edge connects two user nodes if a comment was exchanged
2399 between those two users.",
2400 "Nodes are users. An edge is added if one user comments on
2401 another user's post.",
2402 "This network displays user comment interactions, where nodes
2403 are users.",
2404 "We build a graph of users, where an edge represents a
2405 comment.",
2406 "Represent users as nodes. If one user comments on another,
2407 their nodes are connected by an edge.",
2408 "This network maps user comments. Nodes are users and an edge is
formed for each comment between them.",
2409 "Each node is a user. A comment creates an edge between two of
2410 them.",
2411

"Nodes are users, and edges represent comment-based interactions
2412 between them.",

2413 "A user is a node. A directed edge is created for a comment from

2414 one user to another.",

2415 "The graph structure uses users as nodes. A comment forms an

2416 edge between them.",

2417 "When user A comments on user B, an edge links their respective

2418 nodes.",

2419 "Nodes are users. An edge exists i1f one user commented on
another's contribution to the platform.",

2az0 "The graph's nodes are users. An edge is made between nodes if a

2421 comment was exchanged between them.",

2422 "An edge indicates a comment from one user to another user. The

2423 nodes are simply the users.",

2424 "Users are nodes. An edge is formed when one user comments on

2425 something another user has posted.",

2426 "This graph connects users who comment on one another's posts,

2427 where nodes are users.",

2428 "A node is a user. An edge is formed if a comment is directed

2429 from one user to another user.",
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240 "Nodes represent users, and an edge represents a comment between
2431 two users.",
2432 "Users are modeled as nodes. An edge is created if one user
2433 comments on another user's post.",
2434 "Vertices in the graph are users, and an edge connects them if a
2435 comment was made.",
2436 "An edge connects two user nodes after a comment is made between
2437 them.",
2438 "Nodes are users. A directed edge goes from the commenter to the
2439 person they commented on.",
2440 "We model a network where users are nodes, and directed comments
o421 form the edges.",
"A user is a node. An edge is drawn if one user has commented on
2442 another."
2443 ]
2444
2445
oane H.4 CITATION NETWORKS GRAPHS DESCRIPTIONS DATASET
2447 [
2448 "The nodes correspond to academic papers. Edges reflect
2449 referenced literature connections.",
2450 "Nodes capture metadata about research manuscripts. Edges
2451 point to citation-based links.",
2452 "Each item represents a scholarly work. Edges tie together
2453 documents through citations.",
2454 "Edges indicate one paper citing another. These elements
2455 reflect authored academic contributions.",
"These elements reflect authored academic contributions. Edges
2456 . .
reflect referenced literature connections.",
2as7 "Nodes denote individual research articles. Connections show
2458 references between documents.",
2459 "Each entry represents a scientific document. Edges reflect
2460 referenced literature connections.",
2461 "Nodes symbolize separate entries in a publication index.
2462 Links capture citation relationships.",
2463 "Nodes capture metadata about research manuscripts.
2464 Connections show references between documents.",
2465 "Each item represents a scholarly work. Connections show
references between documents.",
2466 \ . . . s - .
"The nodes mark distinct pieces of scientific writing. Links
2467 Cs .
encode the act of citing prior work.",
2468 "Every node is tied to a research publication. Connections
2469 show references between documents.",
2470 "Nodes correspond to academic papers. Connections show
247 references between documents.",
2472 "Nodes mark distinct pieces of scientific writing. Links
2473 encode the act of citing prior work.",
2474 "Each item represents a scholarly work. Connections show
2475 references between documents.",
2476 "Nodes denote individual research articles. Edges indicate one
2477 paper citing another.",
2478 "Every node is tied to a research publication. Links capture
citation relationships.",
249 "These nodes denote individual research articles. Links encode
2480 the act of citing prior work.",
2481 "Each item represents a scholarly work. Edges point to
2482 citation-based links.",
2483 "Nodes correspond to academic papers. Connections show

references between documents.",
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wand "Nodes symbolize separate entries in a publication index.
2485 Edges reflect referenced literature connections.",
2486 "Nodes denote individual research articles. Links capture
2487 citation relationships.",
2488 "Each node holds information about a published study. Links
2489 encode the act of citing prior work.",
2490 "Nodes mark distinct pieces of scientific writing. Edges tie
2491 together documents through citations.",
2492 "Each entry represents a scientific document. Links capture
2493 citation relationships.",
2494 "Every node is tied to a resgarck} publication. Edges tie
2495 together documents through citations.",
"Each item represents a scholarly work. Links encode the act
2496 of citing prior work.",
2497 "Nodes denote individual research articles. Links encode the
2498 act of citing prior work.",
2499 "Each entry represents a scientific document. Edges denote
2500 academic referencing paths.",
2501 "Each node holds information about a published study. Edges
2502 point to citation-based links.",
2503 "These elements reflect authored academic contributions. Links
2504 capture citation relationships.",
2505 "Each entry J.fepresents a scierlitific document. Edges reflect
2506 referenced literature connections.",
"Nodes mark distinct pieces of scientific writing. Edges
2507 reflect referenced literature connections.",
2508 "Every node is tied to a research publication. Links encode
2509 the act of citing prior work.",
2510 "Nodes capture metadata about research manuscripts.
2511 Connections show references between documents.",
2512 "These elements reflect authored academic contributions.
2513 Connections arise from inter-paper citations.",
2514 "Nodes correspond to academic papers. Edges reflect referenced
2515 literature connections.",
2516 "Each node holds information about a published study. Edges
indicate one paper citing another.",
o "Every node is tied to a research publication. Edges denote
2518 academic referencing paths.",
2519 "Nodes denote individual research articles. Connections arise
2520 from inter-paper citations.",
2521 "Each node holds information about a published study. Links
2522 capture citation relationships.",
2523 "Nodes symbolize separate entries in a publication index.
2524 Links capture citation relationships.",
2525 "Nodes correspond to academic papers. Edges denote academic
2526 referencing paths.",
2597 "Nodes denote individual research articles. Links encode the
act of citing prior work.",
2oe8 "Each item represents a scholarly work. Connections arise from
2529 inter-paper citations.",
2530 "Every node is tied to a research publication. Links capture
2531 citation relationships.",
2532 "Nodes symbolize separate entries in a publication index.
2533 Connections show references between documents.",
2534 "Nodes denote individual research articles. Edges point to
2535 citation-based links.",
2536 "Each item represents a scholarly work. Connections show
2537 references between documents.",
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2o "Nodes mark distinct pieces of scientific writing. Edges
2539 reflect referenced literature connections.",
2540

"Nodes correspond to academic papers. Links encode the act of
2541 citing prior work.",

2542 "Each entry represents a scientific document. Connections show
2543 references between documents.",
2544 "Each node holds information about a published study. Links
2545 encode the act of citing prior work.",
2546 "Nodes denote individual research articles. Links encode the
2547 act of citing prior work.",
2548 "Nodes symbolize separate entr:les in a publication index.
2549 Edges denote academic referencing paths.",
"Nodes capture metadata about research manuscripts. Links
2550 encode the act of citing prior work.",
2551 "Each item represents a scholarly work. Edges tie together
2552 documents through citations.",
2553 "Each node holds information about a published study. Edges
2554 denote academic referencing paths.",
2555 "Nodes correspond to academic papers. Edges point to
2556 citation-based links.",
2557 "These elements reflect authored academic contributions. Edges
2558 point to citation-based links.",
2559 "Each node holds infgrmation about a published study. Edges
2560 reflect referenced literature connections.",
"Each entry represents a scientific document. Edges indicate
2561 one paper citing another.",
2562 "Nodes mark distinct pieces of scientific writing. Connections
2563 show references between documents.",
2564 "Nodes denote individual research articles. Links encode the
2565 act of citing prior work.",
2566 "Each node holds information about a published study. Links
2567 capture citation relationships.",
2568 "Nodes correspond to academic papers. Connections show
2569 references between documents.",
2570 "Each entry represents a scientific document. Links capture
citation relationships.",
e "Each node holds information about a published study. Edges
2572 denote academic referencing paths.",
2573 "Nodes denote individual research articles. Edges reflect
2574 referenced literature connections.",
2575 "Each item represents a scholarly work. Edges reflect
2576 referenced literature connections.",
2577 "Each node holds information about a published study.
2578 Connections show references between documents.",
2579 "Each entry represents a scientific document. Edges denote
2580 academic referencing paths.",
2581 "Nodes symbolize separate entries in a publication index.
Connections arise from inter-paper citations.",
woue "Nodes correspond to academic papers. Links encode the act of
2583 citing prior work.",
2584 "Nodes capture metadata about research manuscripts.
2585 Connections arise from inter-paper citations.",
2586 "Each item represents a scholarly work. Edges indicate one
2587 paper citing another.",
2588 "Each node holds information about a published study. Edges
2589 indicate one paper citing another.",
2590 "Nodes correspond to academic papers. Links capture citation
2591 relationships.",
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2u02 "Each entry represents a scientific document. Edges denote
2593 academic referencing paths.",
2594 "Nodes denote individual research articles. Connections arise
2595 from inter-paper citations.",
2596 "Nodes capture metadata about research manuscripts. Links
2597 encode the act of citing prior work.",
2598 "Nodes symbolize separate entries in a publication index.
2599 Edges tie together documents through citations.",
2600 "Each item represents a scholarly work. Edges point to
2601 citation-based links.",
2602 "Everylnode is tigd to a research publication. Edges denote
2603 academic referencing paths.",

"Each node holds information about a published study. Edges
2604 point to citation-based links.",
2605 "Nodes denote individual research articles. Links capture
2606 citation relationships.",
2607 "Each item represents a scholarly work. Connections arise from
2608 inter-paper citations.",
2609 "Nodes symbolize separate entries in a publication index.
2610 Edges indicate one paper citing another.",
2611 "Each entry represents a scientific document. Edges reflect
2612 referenced literature connections.",
2613 "Nodes correspond to academic papers. Edges denote academic

referencing paths.",
wend "Nodes capture metadata about research manuscripts.
2212 Connections arise from inter-paper citations.",

"Each item represents a scholarly work. Links capture citation
2617 relationships.",

2618 "Every node is tied to a research publication. Connections

2619 show references between documents.",

2620 "Nodes denote individual research articles. Connections show

2621 references between documents.",

2622 "Nodes symbolize separate entries in a publication index.

2623 Connections arise from inter-paper citations.",

2624 "Nodes capture metadata about research manuscripts. Edges tie
together documents through citations.",

262 "Each node holds information about a published study. Edges

2626 tie together documents through citations.",

2627 "Each entry represents a scientific document. Connections

2628 arise from inter-paper citations.",

2629 "Each node holds information about a published study.

2630 Connections arise from inter-paper citations.",

2631 "Nodes symbolize separate entries in a publication index.

2632 Edges reflect referenced literature connections.",

2633 "Nodes correspond to academic papers. Edges reflect referenced

2634 literature connections.",

2635 "Each item represents a scholarly work. Links encode the act
of citing prior work.",

2090 "Nodes denote individual research articles. Connections arise

2637 from inter-paper citations.",

2638 "Each node holds information about a published study.

2639 Connections show references between documents.",

2640 "Edges tie together documents through citations. These nodes

2641 denote individual research articles.",

2642 "Each connection maps a citation trace. Every node holds

2643 information about a published study.",

2644 "Edges reflect referenced literature connections. Every node

2645 holds information about a published study.",
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2646 "Connections arise from inter-paper citations. These nodes
2647 denote individual research articles.",
2648 "Connections arise from inter-paper citations. Every node is
2649 tied to a research publication.",
2650 "Connections show references between documents. These elements
2651 reflect authored academic contributions.",
2652 "Edges tie together documents through citations. The nodes
2653 mark distinct pieces of scientific writing.",
2654 "Links capture citation relationships. Nodes capture metadata
2655 about research manuscripts.",
2656 "Connections shgw rgfgrences between documents. Each entry
2657 represents a scientific document.",
"Links capture citation relationships. Each entry represents a
2658 scientific document.",
2659 "Connections arise from inter-paper citations. These nodes
2660 denote individual research articles.",
2661 "Edges reflect referenced literature connections. Every node
2662 is tied to a research publication.",
2663 "Edges point to citation-based links. The nodes mark distinct
2664 pieces of scientific writing.",
2665 "Edges denote academic referencing paths. Each item represents
2666 a scholarly work.",
2667 "Links capture c.:itation.relalltionships. These elements reflect
2668 authored academic contributions.",
"Edges point to citation-based links. Nodes symbolize separate
2669 entries in a publication index.",
2670 "Connections show references between documents. These nodes
2671 denote individual research articles.",
2672 "Links capture citation relationships. Nodes symbolize
2673 separate entries in a publication index.",
2674 "Links encode the act of citing prior work. Nodes symbolize
2675 separate entries in a publication index.",
2676 "Edges indicate one paper citing another. Nodes symbolize
2677 separate entries in a publication index.",
2678 "Links capture citation relationships. Nodes capture metadata
about research manuscripts.",
e "Edges reflect referenced literature connections. Nodes
2680 symbolize separate entries in a publication index.",
2681 "Links encode the act of citing prior work. Each item
2682 represents a scholarly work.",
2683 "Links capture citation relationships. Nodes symbolize
2684 separate entries in a publication index.",
2685 "Links capture citation relationships. Every node holds
2686 information about a published study.",
2687 "Links capture citation relationships. Every node is tied to a
2688 research publication.",
2689 "Connections arise from inter-paper citations. These nodes
denote individual research articles.",
2ea0 "Edges indicate one paper citing another. Nodes capture
2691 metadata about research manuscripts.",
2692 "Links encode the act of citing prior work. The nodes
2693 correspond to academic papers.",
2694 "Links encode the act of citing prior work. These elements
2695 reflect authored academic contributions.",
2696 "Edges indicate one paper citing another. Every node is tied
2697 to a research publication.",
2698 "Links capture citation relationships. The nodes correspond to
2699 academic papers.",
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2roo "Each connection maps a citation trace. Every node is tied to
2701 a research publication.",
2702 "Edges tie together documents through citations. Every node
2703 holds information about a published study.",
2704 "Connections show references between documents. The nodes mark
2705 distinct pieces of scientific writing.",
2706 "Edges denote academic referencing paths. Each item represents
2707 a scholarly work.",
2708 "Links encode the act of citing prior work. Each entry
2709 represents a scientific document.",
2710 '.'Edges denote academic J.feferencing paths. These nodes denote
o711 individual research articles.",
"Links capture citation relationships. The nodes correspond to
2712 academic papers.",
2713 "Links encode the act of citing prior work. The nodes
274 correspond to academic papers.",
2715 "Each connection maps a citation trace. These nodes denote
2716 individual research articles.",
2717 "Links encode the act of citing prior work. The nodes
2718 correspond to academic papers.",
2719 "Links capture citation relationships. Each entry represents a
2720 scientific document.",
2791 "E(ligeslpgint to citation-based links. Each entry represents a
0799 scientific document.",
"Edges point to citation-based links. Nodes capture metadata
2723 about research manuscripts.",
2724 "Each connection maps a citation trace. Every node holds
2725 information about a published study.",
2726 "Connections show references between documents. Every node is
2727 tied to a research publication.",
2728 "Edges tie together documents through citations. Each item
2729 represents a scholarly work.",
2730 "Connections arise from inter—-paper citations. These elements
2731 reflect authored academic contributions.",
2732 "Each connection maps a citation trace. These elements reflect
authored academic contributions.",
2 "The graph represents academic documents linked through
2734 references. Every node is tied to a research publication.
2735 Edges point to citation-based links.",
2736 "The structure is a scholarly graph of interconnected
2737 research. Each item represents a scholarly work. Edges point
2738 to citation-based links.",
2739 "The graph models a community of papers and their references.
2740 Each item represents a scholarly work. Each connection maps a
2741 citation trace.",
2742 "The structure is a scholarly graph of interconnected
2743 research. These elements reflect authored academic
contributions. Links encode the act of citing prior work.",
2744 e . . . .
This is a directed graph capturing citation flows among
2745 articles. Each entry represents a scientific document. Edges
2746 tie together documents through citations.",
2747 "This is a network of publications with citation
2748 relationships. The nodes correspond to academic papers.
2749 Connections show references between documents.",
2750 "A citation web connects scholarly articles in this dataset.
2751 These nodes denote individual research articles. Edges tie
2759 together documents through citations.",
2753
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ared "This dataset builds a graph of paper citations. Every node
2755 holds information about a published study. Each connection
2756 maps a citation trace.",
2757 "The graph models a community of papers and their references.
2758 Every node is tied to a research publication. Links capture
2759 citation relationships.",
2760 "A citation web connects scholarly articles in this dataset.
2761 Every node holds information about a published study. Edges
2762 indicate one paper citing another.",
2763 "The graph represents academic documents linked through
2764 referen;es. Thgse nodes.denote indiv%dua} research articles.
2765 Connections arise from inter—-paper citations.",
"This dataset forms a citation network of scientific
2766 publications. Every node is tied to a research publication.
2767 Each connection maps a citation trace.",
2768 "The graph models a community of papers and their references.
2769 Nodes symbolize separate entries in a publication index. Edges
2770 reflect referenced literature connections.",
2771 "The structure is a scholarly graph of interconnected
2772 research. Each entry represents a scientific document.
2773 Connections arise from inter-paper citations.",
2774 "A network where nodes are papers and edges are citations.
2775 These nodes denote individual research articles. Connections
2776 show references between documents.",
"A citation web connects scholarly articles in this dataset.
2 Each item represents a scholarly work. Connections arise from
2778 inter—-paper citations.",
2779 "This dataset forms a citation network of scientific
2780 publications. Every node is tied to a research publication.
2781 Edges denote academic referencing paths.",
2782 "A network where nodes are papers and edges are citations.
2783 These elements reflect authored academic contributions. Edges
2784 denote academic referencing paths.",
2785 "This structure captures how academic works cite each other.
2786 Each entry represents a scientific document. Connections show
references between documents.",
arer "A network where nodes are papers and edges are citations.
2788 Every node holds information about a published study. Edges
2789 reflect referenced literature connections.",
2790 "This is a network of publications with citation
2791 relationships. These elements reflect authored academic
2792 contributions. Edges indicate one paper citing another.",
2793 "The structure is a scholarly graph of interconnected
2794 research. Every node holds information about a published
2795 study. Edges tie together documents through citations.",
2796 "The graph represents academic documents linked through
2797 references. The nodes correspond to academic papers.
Connections show references between documents.",
28 "A citation web connects scholarly articles in this dataset.
2799 Every node is tied to a research publication. Edges reflect
2800 referenced literature connections.",
2801 "This dataset builds a graph of paper citations. Nodes
2802 symbolize separate entries in a publication index. Edges
2803 reflect referenced literature connections.",
2804 "This dataset builds a graph of paper citations. The nodes
2805 correspond to academic papers. Connections arise from
2806 inter-paper citations.",
2807
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weus "The structure is a scholarly graph of interconnected

2809 research. Each item represents a scholarly work. Edges denote

2810 academic referencing paths.",

2811 "A citation web connects scholarly articles in this dataset.

2812 The nodes correspond to academic papers. Edges indicate one

2813 paper citing another.",

2814 "This is a directed graph capturing citation flows among

2815 articles. The nodes correspond to academic papers. Edges point

2816 to citation-based links.",

2817 "This is a network of publications with citation

2818 relationships. Each entry represents a scientific document.
Edges reflect referenced literature connections.",

et "The graph models a community of papers and their references.

2820 These elements reflect authored academic contributions. Edges

2821 denote academic referencing paths.",

2822 "The graph models a community of papers and their references.

2823 Nodes symbolize separate entries in a publication index. Edges

2824 tie together documents through citations.",

2825 "A citation web connects scholarly articles in this dataset.

2826 Each item represents a scholarly work. Edges point to

2827 citation-based links.",

2828 "The graph represents academic documents linked through

2829 references. Nodes capturg metlzadata about research manuscripts.

2830 Each connection maps a citation trace.",
"The graph represents academic documents linked through

2831 references. These nodes denote individual research articles.

2832 Each connection maps a citation trace.",

2833 "The graph models a community of papers and their references.

2834 Nodes symbolize separate entries in a publication index.

2835 Connections arise from inter-paper citations.",

2836 "The graph models a community of papers and their references.

2837 These elements reflect authored academic contributions. Links

2838 encode the act of citing prior work.",

2839 "The structure is a scholarly graph of interconnected

2840 research. Nodes symbolize separate entries in a publication
index. Edges reflect referenced literature connections.",

et "This dataset builds a graph of paper citations. The nodes

2842 correspond to academic papers. Edges denote academic

2843 referencing paths.",

2844 "This structure captures how academic works cite each other.

2845 The nodes correspond to academic papers. Edges reflect

2846 referenced literature connections.",

2847 "This is a directed graph capturing citation flows among

2848 articles. Every node is tied to a research publication.

2849 Connections show references between documents.",

2850 "A citation web connects scholarly articles in this dataset.

2851 Every node is tied to a research publication. Connections
arise from inter-paper citations.",

wese "This structure captures how academic works cite each other.

2853 These nodes denote individual research articles. Edges

2854 indicate one paper citing another.",

2855 "A network where nodes are papers and edges are citations.

2856 Each item represents a scholarly work. Edges point to

2857 citation-based links.",

2858 "A network where nodes are papers and edges are citations.

2859 Every node holds information about a published study.

2860 Connections arise from inter-paper citations.",

2861
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H.5

"This is a directed graph capturing citation flows among
articles. Each item represents a scholarly work. Edges
indicate one paper citing another."

OGBN-PRODUCTS GRAPHS DESCRIPTIONS DATASET

"the network's nodes are products, and the edges connecting
them show that those products are often bought in the same
purchase",

"in this graph, products are represented by nodes, and a
shared purchase is shown by an edge between two products",
"edges link products (nodes) that are purchased
simultaneously, while nodes signify the products themselves",
"a node stands for a product, and an edge between two nodes
means those two products are frequently part of the same
transaction",

"products are the nodes in this network, and an edge between
any two of them signifies they are commonly bought together",
"this model uses nodes for products and edges to represent
joint purchases of those products",

"each product is a node, and an edge is drawn between two
products when they are purchased in a single transaction",
"nodes are individual products, and an edge connecting any two
nodes shows they are bought as a pair",

"if products are nodes, then a connecting edge indicates that
those products were purchased at the same time",

"nodes in this graph are products, and their shared purchase
is symbolized by an edge linking them",

"products sold are represented by nodes, and edges show which
pairs of products were acquired in the same purchase",

"in this system, products are nodes, and an edge exists if two
products are bought together",

"the nodes are products, and an edge between them denotes a
co-purchase of those items",

"a product is a node, and an edge between two nodes indicates
a simultaneous purchase of the products",

"nodes symbolize products, and an edge between them represents
that they are typically purchased as a set",

"products are nodes, and an edge connecting them signifies
that they are frequently purchased together in one order",
"this network uses nodes for products and edges to indicate
that two products are found in the same transaction",

"each product is a node, and an edge between two nodes
signifies that the products were purchased together",

"the nodes in this graph are products, and the edges represent
a relationship of being bought at the same time",

"products are nodes, and an edge between them means they are
part of a single purchase",

"nodes stand for products, while edges link any two products
that were bought in a single transaction",

"products are represented by nodes, and edges connecting those
nodes signify they are often purchased together",

"the nodes are products, and the edges show a connection based
on them being bought in the same transaction",

"a node represents a product, and an edge between two products
shows they are purchased together",
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2916 "nodes symbolize products, and edges connect those products
2017 that are found together in a single sale",
2918 "in this model, products are nodes, and edges are drawn to
2919 indicate which products are purchased together",
2920 "nodes are products sold, and an edge between two nodes
2921 indicates they are included in the same purchase",
2922 "the network's nodes are products, and edges connect products
2023 that are commonly purchased in the same transaction",
2924 "an edge between two product nodes means those items were
2925 purchased at the same time",
2926 "nodes are products, and an edge is drawn between products
that are frequently purchased together",
2927 "
a node represents a product, and an edge between two nodes
2928 shows they are frequently purchased together",
2929 "the nodes of this graph are products, and the edges signify
2930 that two products were bought as a pair",
2931 "products are nodes, and an edge indicates a joint purchase of
2932 those products",
2033 "a product is a node, and an edge between two nodes means they
2034 are co-purchased",
2935 "the nodes represent products, and the edges connect products
2936 that are bought together",
2937 "nodes are products, and a link between two products means
2938 they were purchased as a set",
"in this representation, products are nodes, and edges between
2939 them represent simultaneous purchases",
2940 "products are the nodes, and a connecting edge signifies that
2941 they are bought in the same transaction",
2942 "nodes symbolize products, and an edge is created when those
2943 products are bought together",
2044 "the nodes are products sold, and the edges indicate which
2045 products are purchased together",
2046 "in this network, products are nodes, and an edge shows that
2947 they are co-purchased",
2948 "nodes stand for products, and edges represent a connection of
being purchased together",
2049 "each product is a node, and an edge between two products
2950 shows a common purchase",
2951 "the nodes represent products, and edges are used to show
2952 products that are purchased in a single transaction",
2953 "products are nodes, and an edge between them represents their
2954 co—-occurrence in a purchase",
2055 "nodes are products, and an edge between them signifies a
2056 simultaneous purchase of those items",
2957 "products are nodes, and an edge between them indicates a
2958 joint purchase",
2959 "a product is a node, and an edge means those two products are
purchased together",
2960 "the network's nodes are products, and edges show which
2961 products are bought in the same order",
2962 "nodes are products sold, and edges between two products mean
2963 they are purchased at the same time",
2964 "in this structure, nodes are products, and edges represent
2965 that they were purchased together",
2966 "oroducts are nodes, and an edge is drawn between them when
2067 they are purchased together",
2068 "the nodes represent products, and an edge connects products
2969 that are bought in the same purchase",
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"products are nodes, and edges show the relationships of
co-purchasing",

"a node represents a product, and an edge between nodes means
they are bought together",

"nodes are
together",
"the nodes

products, and an edge shows they are purchased

are products, and edges connect products that are

bought at the same time",

"products are nodes, and an edge between them means they are
bought together in one sale",

"nodes symbolize products, and an edge shows their joint

purchase",

"in this graph, nodes are products, and an edge signifies a
joint purchase",

"products are nodes, and an edge between them means they are
purchased in the same transaction",

"the nodes

represent products, and edges link products that

are purchased in one order",

"a node is

a product, and an edge between two nodes shows they

are purchased together",
"products are nodes, and an edge is created when they are
purchased together",

"nodes are
together",
"the nodes
"a product
are bought
"nodes are
together",

products, and an edge signifies they are purchased

are products, and an edge shows a co-purchase",

is a node, and an edge between two nodes means they
together",

products, and an edge indicates they are purchased

"products are nodes, and an edge between them means they are a
co-purchase",

"the nodes

are products, and edges show that they are

purchased together",

"a node 1is

a product, and an edge means those products are

bought together",

"nodes are
together",

products, and an edge shows they are bought

"products are nodes, and an edge between them means they are
purchased together",

"the nodes

are products, and edges signify a co-purchase",

"a node represents a product, and an edge means they are
bought together",

"nodes are
purchase",
"the nodes

products, and an edge indicates a simultaneous

represent products, and edges show that they are

purchased together",

"a node is

a product, and an edge means they are

co—-purchased",
"oroducts are nodes, and an edge represents a joint purchase",

"the nodes
together",
"a node is
together",
"nodes are
"the nodes
together",
"a node is
together",

are products, and edges signify they are bought
a product, and an edge means those items are bought

products, and an edge indicates a co-purchase",
represent products, and edges mean they are bought

a product, and an edge means they are purchased
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suea "products are nodes, and an edge shows they are bought
3025 together",
3026

"the nodes are products, and an edge indicates a simultaneous
3027 purchase",

3028 "a node is a product, and an edge means a joint purchase",

3029 "products are nodes, and an edge shows they were bought

3030 together",

3031 "the nodes are products, and an edge signifies a co-purchase",

3032 "a node is a product, and an edge means they are bought

3033 together",

3034 "oroducts are nodes, and an edge represents a joint purchase",
"the nodes are products, and edges show they are purchased

S0ss together",

3036 "a node is a product, and an edge means a co-purchase",

3037 "products are nodes, and an edge indicates a Jjoint purchase",

3038 "the nodes are products, and an edge shows they are bought

3039 together",

3040 "a node is a product, and an edge means a co-purchase",

3041 "products are nodes, and an edge indicates a co-purchase",

3042 "the nodes are products, and an edge shows they are bought

3043 together",

3044 "a node is a product, and an edge means a joint purchase",

3045 "products are nodes, and an edge represents a co-purchase",

3046 "edges between two products signify they are purchased
together, while the nodes themselves represent the products

3047 being sold",

3048 "an edge between two products indicates a shared purchase, and

3049 the products themselves are represented by the network's

3050 nodes",

3051 "the network's edges show that two products are bought in the

3052 same purchase, with nodes symbolizing the products",

3053 "a connecting edge means two products were purchased

3054 simultaneously, whereas each product is represented as a

3055 node",

3056 "edges link products (nodes) that are purchased together, and
each node individually represents a sold product",

susr "the edges in this graph represent Jjoint purchases, and the

3058 nodes are the individual products involved",

3059 "edges indicate that two products are found in the same

3060 transaction, while the nodes represent the products",

3061 "if an edge exists, the two products (nodes) it connects are

3062 purchased together in a single transaction",

3063 "a shared purchase is represented by an edge, and the products

3064 themselves are the nodes in this network",

3065 "edges are drawn between products to show they are bought

3066 together; the products themselves are the nodes",

3067 "the edges signify a co-purchase of two products, which are
represented by the network's nodes",

ues "edges between two products indicate a shared purchase, and

3069 the products sold are the nodes",

3070 "a joint purchase of two products is represented by an edge,

3071 and the products themselves are the nodes",

3072 "an edge between two nodes indicates a simultaneous purchase,

3073 while the nodes are the products",

3074 "edges show that two products are purchased together, and each

3075 product is a node in the graph",

3076 "the edges link products that are bought together, and the

3077 products are represented as nodes",
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sore "edges signify a co-purchase of the two products that they

3079 connect; those products are the nodes",

3080 "the relationship of being purchased together is represented

3081 by edges, and the products are the nodes",

3082 "edges show which products were bought at the same time, and

3083 the products themselves are the nodes",

3084 "the edges represent a co-purchase, and each product is a node

3085 in this network",

3086 "an edge connecting two products shows they were purchased

3087 together; nodes are the products sold",

3088 "a connecting edge indicates that two products were bought
simultaneously, with nodes representing the products",

use "edges are used to show products that are purchased in a

3090 single transaction, and nodes are the products",

3091 "the edges represent products that are part of the same

3092 transaction, and the products are nodes",

3093 "edges connect products that are purchased in the same order;

3094 the nodes are the products",

3095 "the edges indicate a joint purchase of products, which are

3096 represented by the nodes",

3097 "edges represent a co-purchase of products, and the products

3098 sold are the nodes",

3099 "a connecting edge signifies a joint purchase, while the nodes

3100 represent the products",
"the edges show that two products were purchased together,

3101 with the nodes being the products",

3102 "edges show a connection based on a shared purchase, and the

3103 nodes are the products",

3104 "an edge between two products means they were purchased

3105 together, and the products are nodes",

3106 "the edges signify a simultaneous purchase of the products,

3107 which are represented by the nodes",

3108 "a joint purchase is represented by an edge, while the

3109 products are nodes",

3110 "edges link products that are bought together, and nodes are
the products themselves",

s "the edges indicate a co-purchase of products, and the

3112 products are the nodes",

3113 "an edge between two nodes means the products they represent

3114 were purchased together",

3115 "edges show a co-purchase of products, which are represented

3116 by nodes",

3117 "a connecting edge represents that two products were bought

3118 together, and nodes are the products",

3119 "the edges represent a joint purchase, and the products are

3120 nodes",

3121 "an edge indicates a simultaneous purchase, while the products
are represented by nodes",

Gz "edges are drawn between products that are bought together,

222 and the products are nodes",

"the edges signify a co-purchase, with the products being the
3125 nodes",

3126 "an edge shows that two products were purchased together, and
3127 the products are the nodes",

3128 "the edges represent a joint purchase, and the nodes are the
3129 products",

3130 "a connecting edge means two products were bought together,
3131 and nodes are the products",
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a2 "edges indicate a co-purchase of the products, which are the
3133 nodes",
3134

"the edges show a joint purchase, while the products are
3135 nodes",

3136 "an edge signifies that two products were purchased together,
3137 and nodes are the products",
3138 "edges represent a co-purchase, and the products are nodes",
3139 "the edges mean that two products were bought together, and
3140 the nodes are the products",
3141 "a connecting edge represents a joint purchase, and the
3142 products are nodes",
3143 "edges indicate a co-purchase, with the products represented
aian by nodes",
"the edges show that two products were purchased together, and
3145 the products are nodes",
3146 "an edge signifies a joint purchase, and the nodes are the
3147 products",
3148 "edges represent a co-purchase, and nodes are the products",
3149 "the edges show a joint purchase, while the products are
3150 nodes",
3151 "an edge means that two products were purchased together, and
3152 the nodes are the products",
3153 "edges represent a co-purchase, and the products are nodes",
"the edges signify a joint purchase, and the products are the
3154
nodes",
3155 "an edge indicates that two products were purchased together,
3156 and nodes are the products",
3157 "edges represent a co-purchase, and the products are the
3158 nodes",
3159 "the edges show a Jjoint purchase, while the nodes are the
3160 products",
3161 "an edge means two products were bought together, and the
3162 products are nodes",
3163 "edges represent a co-purchase, and the nodes are the
products",
3164 ) . .. . .
3165 "the edges signify a joint purchase, with the products being
the nodes",
3166 "an edge indicates that two products were purchased together,
3167 and nodes are the products",
3168 "edges represent a co-purchase, and the products are the
3169 nodes",
3170 "the edges show a joint purchase, while the products are
3171 nodes",
3172 "an edge means that two products were bought together, and the
3173 nodes are the products",
3174 "edges represent a co-purchase, and the products are nodes",
3175 "the edges signify a joint purchase, and the nodes are the
products",
Se "an edge indicates that two products were purchased together,
3177 and nodes are the products",
3178

"edges represent a co-purchase, and the products are the
3179 nodes",

3180 "the edges show a Jjoint purchase, while the products are
3181 nodes",

3182 "an edge means two products were bought together, and the
3183 products are nodes",

3184 "edges represent a co-purchase, and the nodes are the

3185 products",
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J1ee "the edges signify a joint purchase, with the products being

3187 the nodes",

3188 "an edge indicates that two products were purchased together,

3189 and nodes are the products",

3190 "edges represent a co-purchase, and the products are the

3191 nodes",

3192 "the edges show a joint purchase, while the products are

3193 nodes" ’

3194 "an edge means that two products were bought together, and the

3195 nodes are the products",

3196 "edges represent a co-purchase, and the products are nodes",
"the edges signify a joint purchase, and the nodes are the

ser products",

3198 "an edge indicates that two products were purchased together,

3199 and nodes are the products",

3200 "edges represent a co-purchase, and the products are the

3201 nodes",

3202 "the edges show a joint purchase, while the products are

3203 nodes",

3204 "an edge means two products were bought together, and the

3205 products are nodes",

3206 "edges represent a co-purchase, and the nodes are the
products",

3207 . . .. . .

3208 "the edges signify a joint purchase, with the products being

- the nodes",
"an edge indicates that two products were purchased together,

3210 and nodes are the products",

3211 "edges represent a co-purchase, and the products are the

3212 nodes",

3213 "the edges show a joint purchase, while the products are

3214 nodes",

3215 "an edge means that two products were bought together, and the

3216 nodes are the products",

3217 "edges represent a co-purchase, and the products are nodes",

3218 "the edges signify a joint purchase, and the nodes are the
products",

sene "an edge indicates that two products were purchased together,

3220 and nodes are the products",

3221 "edges represent a co-purchase, and the products are the

3222 nodes",

3223 "the edges show a Jjoint purchase, while the products are

3224 nodes",

3225 "nodes in the graph are the products sold, and an edge between

3226 two signifies they are purchased together"

3227 }

3228

3229

3230

3231

3232

3233

3234

3235

3236

3237

3238

3239
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