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Abstract001

Recent research has extensively explored the002
graph-reasoning capabilities of Large Lan-003
guage Models (LLMs) through textual de-004
scriptions. However, benchmarks specifi-005
cally designed for Graph-Language Models006
(GLMs), which integrate Graph Neural Net-007
works (GNNs) with LLMs, remain significantly008
underdeveloped. In this work, we first demon-009
strate that existing GLM evaluations, largely010
repurposed from unimodal node and edge level011
tasks, fail to assess true multimodal integration.012
Our analysis reveals that strong performance on013
these benchmarks is achievable using textual or014
structural features in isolation, bypassing the015
need for joint reasoning. To bridge this gap, we016
introduce CLEGR (Compositional Language-017
Graph Reasoning), a benchmark explicitly de-018
signed to evaluate multimodal reasoning over019
graph topology and textual semantics. Evalua-020
tion of representative GLMs on CLEGR shows021
that they exhibit significant performance degra-022
dation on CLEGR tasks and unimodal soft-023
prompted LLMs perform on par with complex024
multimodal GLMs. These findings collectively025
highlight limitations in the graph reasoning ca-026
pabilities of existing GLMs and provide a foun-027
dation for advancing the community toward028
explicit multimodal reasoning involving graph029
structure and language.030

1 Introduction & Related Work031

The success of Vision-Language Models (VLMs)032

like GPT-4V (Yang et al., 2023b) and LlaVa (Liu033

et al., 2023) demonstrates the transformative po-034

tential of integrating different data modalities to035

enhance complex reasoning capabilities through036

visual question answering, image captioning, and037

multimodal instruction following (Dai et al., 2023).038

Inspired by this paradigm, there has been an in-039

creasing interest in using LLMs for graph-based040

applications (Li et al., 2024a; Chen et al., 2024).041

Depending on the role of LLMs and their interac- 042

tion with graph neural networks (GNNs), the LLM 043

on graphs techniques can be classified into treat- 044

ing LLMs as the final component for prediction 045

(LLM as Predictor) (Wang et al., 2024; He et al., 046

2024b; Liu et al., 2024b), treating LLMs as the fea- 047

ture extractor for GNNs (LLM as Encoder) (Chien 048

et al., 2022; He et al., 2024a; Liu et al., 2024a), or 049

align the latent space of LLMs with GNNs (LLM 050

as Aligner) (Zhao et al., 2023; Jin et al., 2023). 051

Beyond the role of the LLM, the relationship be- 052

tween graph structure and text defines the learning 053

objective. While traditional graph learning often 054

operates on pure graphs, many real-world scenar- 055

ios involve Text-Attributed Graphs (TAGs), where 056

nodes represent textual entities, such as academic 057

papers or social media profiles, and edges capture 058

their relational dependencies (Yang et al., 2023a; 059

Hu et al., 2021). Integrating these textual seman- 060

tics is critical for the generalization of foundational 061

models (Arun et al., 2025); however, the challenge 062

lies in effectively fusing these distinct modalities. 063

To exploit this rich information, the LLM-as- 064

predictor framework has emerged as a particularly 065

promising direction (Perozzi et al., 2024; Wang 066

et al., 2024; He et al., 2024b; Liu et al., 2024b). 067

In this work, we focus on evaluating models that 068

utilize a GNN-based backbone to encode structure 069

and an LLM for reasoning and prediction. This 070

architecture is essential for our study as it allows 071

for a clear decomposition of modality-specific 072

contributions, and analysis of evaluations which 073

have both graph and language component as 074

input. Throughout this manuscript, we refer to 075

this integrated class of models as Graph-Language 076

Models (GLMs) and investigate their performance 077

as multimodal systems (see Fig. 1). 078

As GLMs combine structural and textual infor- 079

mation, a natural question arises: how should we 080

evaluate their ability to jointly utilize both modali- 081

ties? Ideally, benchmarks should require genuine 082
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Figure 1: Existing datasets can be solved using unimodal information alone: linear probing on graph encoders
achieves strong performance matching GLMs in some datasets, while soft-prompted LLMs match GLMs in others.
This demonstrates that current benchmarks fail to evaluate true multimodal capabilities.

integration of graph structure and language seman-083

tics, ensuring that neither modality alone is suffi-084

cient for strong performance. However, despite the085

rapid development of GLM architectures, current086

evaluation strategies fall short in three key ways:087

i) graph reasoning benchmarks such as GraphE-088

val36k (Wu et al., 2025), GraphArena (Tang et al.,089

2025), and GraCore (Yuan et al., 2025) focus on090

the algorithmic capabilities of LLMs alone, using091

text-only descriptions of graph problems. While092

these test logical reasoning, they entirely bypass093

the structural modality, requiring no graph encoder094

and thus being inadequate to evaluate multimodal095

integration; ii) Knowledge Graph (KGQA) bench-096

marks such as ExplaGraphs (Saha et al., 2021)097

and WebQSP (Yih et al., 2016) are designed to098

evaluate reasoning over rich text but often rely on099

trivial structural patterns that allow models to suc-100

ceed through memorization rather than genuine101

graph reasoning (Xu et al., 2024a) and use real-102

world knowledge graphs rather than synthetic data,103

making it nearly impossible to disentangle whether104

strong performance stems from the LLM’s pretrain-105

ing knowledge or from true graph-language under-106

standing; and iii) benchmarks like GLBench (Li107

et al., 2024b) augment traditional GNN datasets108

(e.g., Cora (McCallum et al., 2000), CiteSeer (Yang109

et al., 2016), PubMed (Sen et al., 2008)) with node110

text attributes for node classification tasks. How-111

ever, these evaluations do not systematically iso-112

late or measure the individual contribution of each113

modality, making it unclear whether strong perfor-114

mance stems from true multimodal synergy or from 115

exploiting shortcuts in a single modality. 116

Recent work has raised concerns that inadequate 117

evaluation practices in graph learning may under- 118

mine the field’s relevance (Bechler-Speicher et al., 119

2025). This problem extends to multimodal graph- 120

language models, which continue to rely on the tra- 121

ditional GNN benchmarks and evaluation practices. 122

In this work, we demonstrate that node and edge 123

classification datasets commonly used to evaluate 124

GLMs (Perozzi et al., 2024; Wang et al., 2024; Liu 125

et al., 2024b) fail to assess multimodal integration, 126

as unimodal baselines achieve comparable and 127

sometimes even superior performance. To address 128

this, we introduce CLEGR (Compositional Graph- 129

Language Reasoning), a question-answering 130

benchmark comprising 500 diverse graphs and 131

32,000 questions explicitly designed to quantify 132

both structural and semantic understanding. Our 133

evaluation reveals that current GLMs perform 134

poorly on CLEGR, achieving results comparable 135

to unimodal LLM baselines and exposing funda- 136

mental limitations in their integration strategies. 137

Our contributions are: (1) We demonstrate that 138

widely-used benchmarks fail to evaluate multi- 139

modal capabilities across diverse tasks (node classi- 140

fication and link prediction) and evaluation settings 141

(fully supervised and zero-shot), as strong perfor- 142

mance can be achieved using a single modality 143

alone; (2) We introduce CLEGR, to the best of 144

our knowledge, the first graph-language reason- 145

ing benchmark designed to assess multimodal ca- 146
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pabilities of GLMs. CLEGR spans 500 diverse147

graphs and 32,000 questions across multiple struc-148

tural levels (node, edge, subgraph) and reasoning149

types (aggregation, filtering, path reasoning, topol-150

ogy analysis), systematically preventing unimodal151

shortcuts; and (3) Through extensive experiments152

on CLEGR, we show that current GLMs do not153

deliver the multimodal value they claim. Despite154

multimodal architectures, they perform poorly on155

structural reasoning tasks at levels comparable to156

unimodal LLM baselines, emphasizing the need for157

more sophisticated integration architectures and ad-158

vancing multimodal graph-language research.159

2 Preliminaries160

Here, we detail the notations and formulations for161

the graph-language and soft-prompted large lan-162

guage models.163

2.1 Graph-Language Models164

Formally, a graph-language model GLM =165

(Ml,Mg,MP ) comprises three main components:166

an LLM Ml, a graph encoder Mg, and a linear167

projector MP that aligns graph and text representa-168

tions. Let G = (V, E , FV , F E) be a Text Attributed169

Graph (TAG), where V is the set of nodes, E is the170

set of edges between nodes, N = |V| is the to-171

tal number of nodes in the graph, M = |E| is the172

total number of edges, FV = {fV
1 , f

V
2 , . . . , f

V
N}173

is the set of textual features of each node, and174

F E = {fE
1 , f

E
2 , . . . , f

E
M} is the set of textual175

features of each edge. For node-level question-176

answering tasks, given a graph G, a node ni ∈ V ,177

its textual features fi ∈ F , and a textual question178

q, the prediction made by the GLM is:179

ŷ = PredictGLM(G, ni, fi, q) (1)180

= Ml

(
MP (Mg(G, ni))

∥∥W (fi)
∥∥W (q)

)
181

where W ∈ R|L|×d is the word embedding matrix182

of the LLM (L denotes the token vocabulary and d183

the LLM’s hidden dimension), and
∥∥ denotes con-184

catenation of token sequences. Here, ŷ, q, fi ∈ L∗,185

where L∗ represents sequences of tokens from the186

vocabulary. The ground truth g also belongs to L∗.187

Given a graph G and a textual question q, for188

graph-level question-answering tasks, the GLM189

makes a prediction as:190

ŷ = PredictGLM(G, q) (2)191

= Ml

(
MP (Pool(Mg(G)))

∥∥W (f)
∥∥W (q)

)
192

where Pool(·) aggregates node embeddings from 193

Mg(G, 0), . . . ,Mg(G, N − 1) to produce a single 194

graph-level representation, and f represents the 195

concatenated textual features of the entire graph. 196

2.2 Soft Prompting 197

To isolate the contribution of graph encoders in 198

GLMs, we use soft prompting as a baseline. Soft 199

Prompting (Lester et al., 2021) introduces learnable 200

prompt tokens which are concatenated with the 201

embeddings of the input given to the LLM. We 202

note that a GLM can be viewed as a soft-prompt 203

LLM where a graph encoder is learned instead of 204

token embeddings. A soft-prompted LLM consists 205

of components (Ml, s), where Ml is the same LLM 206

used in GLMs and s ∈ Rk×d is the trainable soft- 207

prompt vector. For a given task, the soft-prompted 208

LLM prediction is: 209

ŷsoft = Ml

(
s
∥∥W (fi)

∥∥W (q)
)

(3) 210

where the soft-prompt vector s is trained using 211

the same objective and training procedure as the 212

GLM, effectively learning to encode task-relevant 213

information without access to graph structure. This 214

baseline allows us to determine whether a sophis- 215

ticated graph encoder is required to achieve per- 216

formance gains or it can be achieved through sim- 217

ple parameter optimization in the language model 218

space. Throughout the manuscript, we refer to soft- 219

prompted models using the suffix SPT/SOFT. 220

3 Are Current Benchmarks Evaluating 221

Multimodal Integration? 222

With the increasing development of GLMs, it is im- 223

portant to ask: do current benchmarks effectively 224

evaluate if GLMs use both graph and text informa- 225

tion together? To study this, we analyze common 226

GLM evaluation practices. 227

We design our investigation around two core re- 228

search questions: RQ 1 : Are current evaluation 229

datasets single-modality-sufficient, i.e., can strong 230

performance be achieved using graph or language 231

information alone? RQ 2 : If unimodal baselines 232

match GLM performance, what does this reveal 233

about the adequacy of these benchmarks for assess- 234

ing true multimodal capabilities? 235

3.1 Experimental Setup 236

For reproducibility and maintaining standard eval- 237

uation practices, we use the same datasets and 238

tasks that prior works utilized in their experiments. 239
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Model Computers Photo History Arxiv Cora CiteSeer

GNNs
GAT 93.67±0.28 96.51±0.20 82.81±0.74 73.30±0.18 86.05±1.37 71.12±0.84

GCN 93.94±0.13 95.74±0.10 82.91±0.45 73.53±0.12 86.98±0.95 72.14±0.67

GraphSAGE 93.11±0.23 96.54±0.15 83.24±0.82 73.00±0.28 87.31±0.81 72.26±0.70

Graph–Language Models
TEA-GLM Llama3-8B 73.10±1.07 70.51±1.33 81.56±5.39 73.08±0.00 82.26±1.23 48.05±1.28

TEA-GLM Phi3-3.5B 69.88±0.61 64.81±4.13 81.63±0.58 67.38±1.31 82.49±1.17 42.08±3.36

G-Token (GSAGE) Llama3-8B 76.13±0.58 76.61±0.92 85.91±0.27 75.49±0.28 86.72±0.93 53.23±0.53

G-Token (GSAGE) Phi3-3.5B 72.38±0.90 73.50±2.55 85.15±0.31 71.38±0.19 86.60±1.12 44.69±1.22

GraphPrompter Llama3-8B 72.03±1.82 73.83±2.47 85.72±0.86 69.80±3.91 80.53±1.76 49.50±1.05

GraphPrompter Phi3-3.5B 64.10±0.39 66.13±1.96 84.32±0.95 61.34±1.40 81.47±2.85 42.12±1.88

Soft-Prompted LLMs
Llama3-8B-SPT 74.34±0.63 74.90±0.57 84.99±0.66 76.03±0.45 28.69±2.70 18.21±0.26

Phi3-3.5B-SPT 69.74±0.26 70.71±3.81 84.55±0.43 72.04±1.15 29.74±1.12 18.28±1.43

Table 1: Node classification accuracy (%) in fully supervised setting. Unimodal baselines (either language-only or
graph-only) achieve competitive performance across all datasets, indicating these evaluations may not effectively
assess multimodal integration. Bold indicates best overall, underline indicates second best.

Datasets. We evaluate on six widely-used TAG240

datasets: Cora (McCallum et al., 2000), Cite-241

Seer (Yang et al., 2016), Computers, Photo, His-242

tory (Shchur et al., 2019), and Arxiv (Hu et al.,243

2021). These datasets form the backbone of current244

graph-language evaluation practices, appearing in245

GLBench (Li et al., 2024b), GraphFM (Xu et al.,246

2024b), TAG (Yan et al., 2023), and Planetoid.247

Graph-Language Models. We evaluate three248

prominent GLM architectures: (1) TEA-GLM249

(Wang et al., 2024), which performs graph learning250

by encoding graph structure through textual de-251

scriptions and leveraging LLMs for reasoning, (2)252

GraphToken (Perozzi et al., 2024), which learns dis-253

crete graph tokens to represent structural informa-254

tion and integrates them with language model pro-255

cessing, and (3) GraphPrompter (Liu et al., 2024b),256

which leverages graph prompting. GLMs are eval-257

uated with both Llama3-8B and Phi3-3.5B back-258

bones, ensuring robustness across different LLMs.259

Unimodal Baselines. The key to our investiga-260

tion lies in systematically isolating the contribu-261

tion of each modality. We employ unimodal base-262

lines: (1) Graph-only: GAT (Veličković et al.,263

2018), GCN (Kipf and Welling, 2017), and Graph-264

SAGE (Hamilton et al., 2018), which operate exclu-265

sively on graph structure without access to text to-266

kens, and (2) Language-only: Soft-prompted LLMs267

(Eq. 3) using Llama3-8B and Phi3-3.5B backbones,268

which process only node text attributes without any269

structural information. Critically, if either base-270

line achieves a high and comparable performance271

to GLMs, it indicates that the evaluation is single-272

modality-sufficient and does not require genuine273

multimodal integration. We use identical training 274

procedures across all models and report mean ac- 275

curacy over five random seeds. Implementation 276

details are in the Appendix A.6 277

3.2 Analysis of Modality Contribution 278

Table 1 reveals that on Computers, Photo, History, 279

and Arxiv, soft-prompted LLMs achieve perfor- 280

mance on-par or superior to GLMs. For instance, 281

on Arxiv, Llama3-8B-SPT achieves 76.03%, out- 282

performing all GLMs. This indicates that semantic 283

content in node text is sufficient for classification, 284

rendering graph encoders unnecessary. 285

On Cora and CiteSeer, GNNs achieve 87.31% 286

and 72.26% respectively, while soft-prompted 287

LLMs achieve only 28-30%, revealing that struc- 288

tural information dominates, suggesting that the 289

addition of textual attributes does not provide 290

any extra gains in accuracy on top of what is al- 291

ready learned by the graph structure. Since LLMs 292

alone cannot achieve strong performance on these 293

datasets, we hypothesize that the improvement that 294

GLMs achieve over LLMs can be attributed to their 295

graph encoder. To test this hypothesis, we perform 296

a detailed probing analysis in Sec. 3.3. 297

Zero-Shot Transfer. To further assess generaliza- 298

tion, we evaluate zero-shot transfer where models 299

are trained on one dataset and tested on another 300

with different semantic domains. Following TEA- 301

GLM’s methodology, instructions include class 302

labels from both source and target datasets. Ta- 303

ble 2 shows that GLMs provide negligible gains 304

over soft-prompted LLMs in zero-shot settings. On 305

Arxiv → Cora, soft-prompted LLMs outperform 306
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Model Comp → Hist Comp → Photo Arxiv → Cora

Graph-Language Models
TEA-GLM Llama3-8B 57.94±4.97 5.44±2.50 10.02±2.73

TEA-GLM Phi3-3.5B 18.16±5.70 3.71±0.16 5.80±4.73

G-Token (GSAGE) Llama3-8B 25.65±17.15 5.01±1.65 5.12±4.18

G-Token (GSAGE) Phi3-3.5B 19.62±5.07 2.52±0.22 3.76±4.32

Soft-Prompted LLMs
Llama3-8B-SPT 43.56±12.50 6.00±1.19 16.57±1.15

Phi3-3.5B-SPT 32.85±13.79 2.85±0.42 17.19±0.68

Random Guessing 8.33 8.33 14.29

Table 2: Zero-shot node classification accuracy across
domain shifts. Despite access to both modalities,
GLMs provide no advantage over language-only base-
lines. Best results are in bold for each dataset.

Model Computers Photo History

GNNs (Graph-only)
GAT 91.65±0.42 94.66±0.37 84.63±0.55

GCN 96.88±0.31 97.46±0.29 84.91±0.48

GraphSAGE 85.96±0.64 91.67±0.58 84.27±0.61

Graph-Language Models
TEA-GLM Llama3-8B 74.05±0.13 78.32±0.47 87.65±0.20

TEA-GLM Phi3-3.5B 69.75±0.71 72.38±1.76 77.16±0.28

G-Token (GSAGE) Llama3-8B 57.36±3.86 83.22±1.24 84.25±1.55

G-Token (GSAGE) Phi3-3.5B 54.41±4.43 80.05±0.59 82.15±2.42

GraphPrompter Llama3-8B 62.44±6.96 75.65±2.30 91.65±1.93

GraphPrompter Phi3-3.5B 59.65±3.59 73.24±0.68 92.28±1.15

Soft-Prompted LLMs (Language-only)
Llama3-8B-SPT 80.20±2.20 86.48±4.88 93.88±0.12

Phi3-3.5B-SPT 78.27±2.86 84.30±2.53 92.06±1.03

Table 3: Link prediction results on TAG benchmarks.
Our results show that GNNs achieve strong performance
across all datasets and GLMs do not consistently out-
perform language-only soft-prompted baselines. Best
results are in bold for each dataset.

all GLMs, achieving 16-17% compared to 3-10%307

for GLMs. These results are consistent with the308

patterns observed in Table 1, where unimodal base-309

lines matched or exceeded GLM performance.310

Link Prediction. For completeness, we also evalu-311

ate link prediction, an arguably easier binary clas-312

sification task, on Computers, Photo, and History313

datasets. Table 3 reveals that soft-prompted LLMs314

achieve strong performance across all datasets. On315

History, Llama3-8B-SPT achieves 93.76%, outper-316

forming GraphPrompter and G-Token (GSAGE).317

We observe the same trend on Computers and318

Photo, suggesting that graph structure may not be319

necessary for link prediction on these benchmarks.320

3.3 Probing Graph Tokens321

To quantify the contribution of the graph encoder322

on graph datasets, we perform a linear probing323

analysis. We take a fully trained and frozen GLM324

and pass the graph data through its graph encoder325

and the projector to extract the final node repre-326

sentations (i.e., the graph tokens). A simple linear327

classifier is then trained on these representations to328
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Figure 2: Linear probe accuracy on matches full GLM
performance on Cora and CiteSeer (Pearson r=0.96),
showing that graph encoders capture all task-relevant in-
formation while LLMs function as expensive decoders.

perform the node classification task. Mathemati- 329

cally, the probe prediction can be represented as: 330

ŷ = argmax
i

(
W · flatten

(
MP

(
Mg(G)

))
+ b

)
i

(4) 331

where W ∈ Rc×d′ and b ∈ Rc denote the classi- 332

fier weights and bias, c is the number of output 333

classes, and d′ is the dimensionality of the flattened 334

embedding representation. This minimal setup iso- 335

lates the graph encoder and projection module to 336

quantify linearly separable task-specific informa- 337

tion without the influence of the LLM (Ml). 338

Our probing results in Fig. 2 on Cora and Cite- 339

Seer using TEA-GLM, G-Token (GSAGE) and 340

GraphPrompter reveal that a simple linear classifier 341

applied directly to the projector outputs achieves 342

accuracy that nearly matches the full GLM perfor- 343

mance, providing strong evidence that the graph 344

encoder captures all the information required for 345

the task and that the LLM is functionally similar 346

to a very large decoder network. Therefore, the 347

textual-semantic reasoning capabilities of LLMs 348

remain unutilized for these datasets. 349

Takeaway #1

Our evaluation across diverse tasks (node
classification and link prediction) and set-
tings (supervised and zero-shot) reveals a
critical inadequacy: widely-used bench-
marks fail to assess multimodal integration
and models achieve high accuracy using a
single modality, indicating lack of datasets
that require genuine integration of structural
and semantic information.

350
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4 CLEGR: Compositional351

Language-Graph Reasoning352

Having demonstrated that current benchmarks353

allow unimodal shortcuts, we introduce CLEGR,354

a question-answering benchmark that, unlike355

existing evaluations, enforces genuine multimodal356

integration through compositional reasoning tasks357

over synthetic graphs with rich textual attributes358

(see Fig. 3).359

4.1 Overview of CLEGR360

CLEGR is a synthetic subway network comprising361

500 graphs, 34 question templates, and approxi-362

mately 32,000 questions. Building on CLEVR-363

Graph dataset (Mack and Jefferson, 2018), we ex-364

tend it with a structured evaluation framework to365

systematically assess graph-language integration.366

The synthetic nature of the graphs, featuring fic-367

tional station names, metro lines, and connections,368

eliminates the possibility of LLMs exploiting pre-369

training knowledge, ensuring that performance re-370

flects genuine reasoning capabilities rather than371

just recall. CLEGR’s design is guided by three372

core principles to preclude unimodal solutions:373

i) Structural Dependency: Tasks require multi-374

hop reasoning over graph topology that cannot be375

inferred from node text alone (e.g., “Is Station X376

part of a cycle?”). Vanilla language models are377

insufficient as they lack access to structural relation-378

ships beyond immediate textual context (Yasunaga379

et al., 2021). This design prevents language-only380

shortcuts by demanding explicit graph traversal.381

ii) Semantic Grounding: CLEGR’s questions re-382

quire natural language understanding of node and383

edge attributes (e.g., “How many stations with Vic-384

torian architecture are adjacent to Station Y?”).385

Traditional GNNs are inadequate as they operate on386

numerical representations without semantic com-387

prehension. Critically, the question-answering for-388

mat, natural language input to natural language out-389

put, fundamentally prevents graph-only solutions,390

as GNNs cannot be trained on this task format.391

iii) Compositional Complexity: Tasks combine392

multiple reasoning steps that blend property lookup393

with logical inference (e.g., “What is the shortest394

path between A and B avoiding dirty stations?”).395

This creates challenges that benefit from integrat-396

ing structural and semantic information throughout397

the reasoning process (Yang et al., 2018), making398

neither modality sufficient alone.399

Concrete Example. Consider the question: “How400

many stations are on the shortest path between Ash- 401

ford and Belmont Station avoiding dirty stations?” 402

Models receive node and edge textual descriptions. 403

node_id, name, attributes 404
0, Thrak Bridge, disabled-access, large, Victorian 405
1, Phiptland, no disabled-access, small, Brutalist 406
... 407
36, Crount Lane, disabled-access, small, Gothic 408
source_id, target_id, attributes 409
0, 31, Red Line, Air-conditioned, Built in 2000s 410
... 411
26, 36, Blue Line, Not Air-conditioned, Built in 80s 412

The textual representation provides only local, pair- 413

wise connectivity, but computing shortest paths 414

requires enumerating all possible routes, which 415

is computationally intractable from text alone 416

(Saparov et al., 2025). LLMs lack the algorith- 417

mic capabilities to perform graph traversal oper- 418

ations from textual descriptions (Agrawal et al., 419

2024). Conversely, GNNs face fundamental in- 420

compatibility: CLEGR requires natural language 421

input→natural language output, but GNNs are de- 422

signed for fixed output spaces (node and link pre- 423

diction), not open-ended text generation. Even if 424

adapted, GNNs would need semantic understand- 425

ing of “dirty,” “shortest path avoiding X”, capabili- 426

ties absent from numeric embeddings. This ques- 427

tion necessitates both: graph structure for efficient 428

structure-understanding via message passing and 429

language-understanding to interpret the question 430

constraint (“avoiding dirty stations”) and generate 431

the answer. 432

4.2 Benchmark Structure 433

Graph Generation. Each graph is a synthetic sub- 434

way network composed of metro lines and stations 435

with realistic, randomly generated attributes. On av- 436

erage, graphs contain 26.54±5.41 nodes, 28.32±6.37 437

edges, and 6.02±1.23 distinct metro lines. Each sta- 438

tion node is annotated with six different attributes 439

and edge is associated with four distinct attributes. 440

Dataset Composition. CLEGR contains 500 syn- 441

thetic subway graphs with 34 question templates 442

spanning four reasoning types: Filtering (condi- 443

tional selection), Aggregation (counting/compar- 444

ison), Path Reasoning (multi-hop traversal), and 445

Topology (structural analysis). After generating 446

2 questions per template for each graph and nat- 447

ural filtering to remove structurally invalid in- 448

stances, the benchmark comprises approximately 449

32,248 questions across three structural scopes: 450

node, edge, and subgraph levels. The dataset 451

uses a 3:1:1 train/validation/test split (300/100/100 452

graphs). Questions require diverse answer types, 453
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Our Proposed Benchmark: CLEGR

Textualized Graph

node_id, name, attributes
0, Thraak Bridge, disabled-access, large, Victorian
1, Phiptneyland, no disabled-access, small, Brutalist
...
36, Chrount Lane, disabled-access, small, Gothic
source_id, target_id, attributes
0, 31, Red Line, Air conditioned, Built in 2000s 
...
26, 36, Blue Line, Not Air conditioned, Built in 1970s 

 Evaluation 

GLMs Soft-Prompting

Finding
Current methods integrating graph

structure into LLMs (GLMs)
do not improve performance over

soft-prompting  

Compositional Reasoning

What is the shortest route from 
         to        avoiding        ?

Path Reasoning Filtering➕

How many other stations are
two stops or closer to        ?

Topology Aggregation➕

 Is       part of a cycle?

Subgraph Path Reasoning

Node Property Recall  
Which stations does   line
pass through?

Subgraph Topology
Implication

Need for more sophisticated methods
to integrate graph structure

information into LLMs  

❗️❗️

 Salient Features 

🤖  Synthetic Benchmark

🍎🍊  Two Domains

📊  Multiple Graph Sizes

CLEGR Results CLEGR-Large

CLEGR Zero Shot Transfer

Figure 3: CLEGR addresses evaluation limitations through a multimodal approach that requires compositional
reasoning over attributed synthetic graphs. It assesses model performance across node, edge, and subgraph levels,
specifically targeting the integration of graph structure into language-based reasoning.

Boolean, Numeric, String, and List, necessitating454

flexible natural language generation rather than455

simple classification. Complete template defini-456

tions are in Table 8, 9 and 10.457

5 Evaluating GLMs on CLEGR458

Equipped with a benchmark that necessitates the459

incorporation of graph structure and text semantics,460

we now evaluate GLMs on CLEGR. Since CLEGR461

is designed to require multimodal reasoning where462

structural encoders should provide an advantage,463

we investigate whether GLMs can exploit their ar-464

chitectural capabilities. Specifically, we answer465

the following questions: RQ 3 : Does incorpo-466

rating structural information into LLMs provide467

performance gains over soft-prompting LLMs on468

tasks requiring multimodal reasoning? RQ 4 : Do469

GLMs provide better zero-shot generalization to470

other domains? RQ 5 : How does GLM perfor-471

mance scale with increasing graph size?472

5.1 Experimental Setup473

We evaluate several models to assess graph reason-474

ing capabilities: the GLMs introduced in Sec. 3.1,475

G-Retriever (He et al., 2024b) that enhances perfor-476

mance through subgraph and textual retrieval, and477

LLM-only baselines including Phi4-14B to analyze478

scaling effects. Notably, G-Retriever and GraphTo-479

ken were originally trained on question-answering480

tasks, aligning with CLEGR’s QA formulation. All 481

experiments use identical hardware configurations 482

with consistent batch sizes and learning rates within 483

model categories, employing greedy decoding and 484

averaging results across five random seeds. Un- 485

like prevalent node- and edge-level benchmarks, 486

CLEGR is a graph-level task where questions may 487

target any combination of nodes, edges, and sub- 488

graphs. We employ the pooling operation from 489

Eq. 2 to pass the complete graph representation to 490

all models. Performance is evaluated using accu- 491

racy, where a prediction is correct only when it pre- 492

cisely matches the ground truth. See Appendix D 493

for more details on the experiment setup. 494

5.2 Results 495

RQ 3 : Multimodal reasoning effectiveness. 496

Fig. 4a shows that despite access to structural en- 497

coders designed to aid multimodal reasoning, TEA- 498

GLM, GraphToken, and GraphPrompter provide 499

negligible performance gains over purely language- 500

based soft-prompted baselines. Surprisingly, G- 501

Retriever, which retrieves subgraphs intended to 502

provide structural context, exhibits degraded per- 503

formance. We hypothesize this results from incor- 504

rect subgraph retrieval and insufficient contextual 505

coverage. The low and comparable performance 506

between GLMs and unimodal baselines on a struc- 507

turally grounded benchmark indicates that GLMs 508

do not effectively exploit multimodal capabilities. 509
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Llama8B Phi3.5B Phi14B Llama8B
Soft

Phi3.5B
Soft

Phi14B
Soft

TEA-GLM
Llama8B

TEA-GLM
Phi3.5B

TEA-GLM
Phi14B

G-Retriv
Llama8B

G-Retriv
Phi3.5B

G-Retriv
Phi14B

GSAGETok
Llama8B

GSAGETok
Phi3.5B

GSAGETok
Phi14B

GATTok
Llama8B

GATTok
Phi3.5B

GATTok
Phi14B

Base LLM     Soft-Prompt LLM      TEA-GLM     G-Retriever GSAGEToken     GATToken           GraphPrompter

GPrompter
Llama8B

GPrompter
Phi3.5B

GPrompter
Phi14B

(a) CLEGR Results: GLMs fail to outperform soft-prompted baselines on reasoning tasks requiring structural understanding,
revealing a reliance on surface-level language patterns over structural graph understanding.

Llama8B
Soft

Phi14B-
Soft

Phi3.5B
Soft

TEA-GLM
Llama8B

TEA-GLM
Phi14B

TEA-GLM
Phi3.5B

GSAGETok
Llama8B

GSAGETok
Phi14B

GSAGETok
Phi3.5B

GPrompter
Llama8B

GPrompter
Phi14B

GPrompter
Phi3.5B

   Soft-Prompt LLM   TEA-GLM  GSAGEToken    GraphPrompter                  | CLeGR – CLeGR-large |

(b) Results on graphs larger than standard CLEGR demonstrate
that increased structural complexity provides no advantage to
GLMs over soft-prompted baselines, with both approaches
showing comparable performance degradation.

Llama8B
Soft

Phi14B-
Soft

Phi3.5B
Soft

TEA-GLM
Llama8B

TEA-GLM
Phi14B

TEA-GLM
Phi3.5B

GSAGETok
Llama8B

GSAGETok
Phi14B

GSAGETok
Phi3.5B

GPrompter
Llama8B

GPrompter
Phi14B

GPrompter
Phi3.5B

Trained on CLeGR-Reasoning (Computer Networks) Zero-shot transfer from CLeGR-Reasoning (Subway Networks)

(c) Zero-shot generalization from subway to computer network
domains shows GLMs provide no transfer benefits compared
to soft-prompted approaches, indicating structural encoders do
not enhance cross-domain reasoning capabilities.

Figure 4: Detailed Evaluation Results on CLEGR. (a) shows performance on CLEGR reasoning tasks, (b) shows
the impact of increasing graph size, and (c) shows zero-shot transfer to a new semantic domain.

RQ 4 : Zero-shot structural transfer. To510

evaluate whether structural encoding improves511

zero-shot transfer, we assess generalization from512

the subway domain in CLEGR to a structurally513

analogous Computer-Networks domain of CLEGR514

(see Appendix C.5) (Fig. 4c). Neither TEA-GLM515

nor GraphToken outperform soft-prompted LLMs.516

If GLMs captured transferable structural patterns,517

improved cross-domain performance would518

be expected; instead, results remain low and519

comparable to language-only baselines.520

RQ 5 : Scaling graph complexity. We examine521

whether increasing graph size reveals advantages522

for GLMs. We introduce CLEGR-Large, contain-523

ing graphs approximately three times larger (Ta-524

ble 7). As structural complexity increases, both525

GLMs and soft-prompted baselines experience526

nearly identical performance degradation. This527

decline indicates that even under large structural de-528

mands, GLMs do not leverage graph encoders more529

effectively, corroborating findings from RQ3-RQ4.530

Takeaway #2

On CLEGR, a benchmark designed to
require multimodal integration, GLMs
achieve low performance, comparable to
unimodal soft-prompted baselines. This par-
ity persists as graph size increases and dur-
ing zero-shot transfer, indicating that GLMs
do not effectively exploit their structural en-
coders even when tasks demand it. Under
current formulations, the multimodal capa-
bilities of GLMs remain unrealized.

531

6 Conclusion 532

In this work, we demonstrate that prevailing graph- 533

language evaluation methodologies often fail to test 534

true multimodal integration: existing benchmarks, 535

regardless of the underlying graph or task, permit 536

unimodal baselines (relying only on language or 537

only on structure) to match the performance of 538

graph-language models (GLMs). This exposes a 539

fundamental limitation in current multimodal eval- 540

uation paradigms, as they do not rigorously assess 541

a model’s ability to reason jointly over both graph 542

structure and language semantics. To directly ad- 543

dress this gap, we introduce CLEGR, a multimodal 544

benchmark centered on graph-level question an- 545

swering, requiring compositional reasoning that 546

intertwines structural and semantic cues. Our com- 547

prehensive evaluations show that, even when mul- 548

timodal architectures have explicit access to both 549

modalities, GLMs do not outperform unimodal, 550

language-only baselines on CLEGR even when the 551

demand for integrated reasoning increases through 552

larger graphs and domain transfer scenarios. This 553

persistent parity indicates that current GLM archi- 554

tectures and integration strategies are not yet effec- 555

tive at leveraging their multimodal capabilities. 556

CLEGR thus serves as a focused probe of mul- 557

timodal reasoning, illuminating the challenges 558

that remain and providing the community with a 559

testbed to drive advances in truly multimodal graph- 560

language models. As GLMs evolve, we plan to 561

continually refine CLEGR to track, challenge, and 562

benchmark progress in this area. 563
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7 Limitations564

In this paper, we propose CLEGR, a multimodal565

question-answering benchmark designed to assess566

genuine graph-language integration. To facilitate567

controlled evaluation and eliminate pretraining con-568

tamination, we utilize synthetic subway networks569

as the primary source of graph-structured infor-570

mation. We believe that extending this approach571

to more real-world applicability from diverse do-572

mains represents a promising direction for future573

improvements. Besides, while CLEGR demon-574

strates zero-shot transfer to computer networks,575

evaluating generalization across a broader range576

of domains with different structural and semantic577

properties would further validate our findings.578

Additionally, CLEGR tries to integrate four core579

reasoning types (filtering, aggregation, path reason-580

ing, and topology analysis), which represent fun-581

damental graph reasoning operations. Expanding582

the benchmark to include additional reasoning ca-583

pabilities such as graph generation, planning under584

uncertainty, or temporal reasoning over dynamic585

graphs is a direction worth exploring. Our evalua-586

tion primarily employs exact match accuracy as the587

metric, which provides objective assessment but588

may not capture semantically equivalent answers589

phrased differently. Incorporating semantic simi-590

larity measures (e.g., BLEU, BERTScore) could591

provide complementary insights, particularly for592

list-based and string-based responses.593

Due to computational constraints, we evaluate594

models up to the 14B parameter scale. While595

our consistent findings across multiple model sizes596

(Llama3-8B, Phi3-3.5B, Phi4-14B) and architec-597

tures suggest our conclusions are robust, evaluat-598

ing larger models (e.g., 70B+ parameters) would599

provide additional validation. Furthermore, we600

focus on prominent GLM architectures that rep-601

resent recent state-of-the-art approaches. As the602

field rapidly evolves, evaluating emerging archi-603

tectures with CLEGR will help track progress in604

multimodal graph-language reasoning.605
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A Appendix794

A.1 TEA-GLM795

The TEA-GLM (Token Embedding-Aligned Graph796

Language Model) (Wang et al., 2024) methodol-797

ogy is a novel framework designed to enhance zero-798

shot graph machine learning by integrating GNNs799

with instruction-fine-tuned LLMs. It consists of800

two main stages: first, pretraining a GNN using en-801

hanced self-supervised learning with feature-wise802

contrastive learning to align its node representa-803

tions with LLM token embeddings, enabling the804

GNN to leverage the LLM’s pretrained knowledge;805

second, training a linear projector to transform806

these GNN representations into a fixed number of807

graph token embeddings, which are incorporated808

into a unified instruction for various graph tasks,809

without tuning the LLM.810

A.2 G-Retriever811

G-Retriever (He et al., 2024b) is a framework for812

question answering on textual graphs, integrat-813

ing Retrieval-Augmented Generation (RAG) with814

GNNs and LLMs to enable users to "chat with815

their graph." It addresses complex queries on real-816

world textual graphs by first developing a GraphQA817

benchmark with diverse datasets like ExplaGraphs,818

Scenegraphs, and WebQSP. G-Retriever employs819

a novel RAG approach, formulating subgraph re-820

trieval as a Prize-Collecting Steiner Tree optimiza-821

tion problem to efficiently select relevant graph822

parts, mitigating scalability issues and LLM hal-823

lucination. The retrieved subgraph is textualized824

and combined with the query, then processed by 825

a frozen LLM with soft prompting for fine-tuned, 826

contextually accurate responses across applications 827

like scene graph understanding, common sense rea- 828

soning, and knowledge graph reasoning. 829

A.3 Graph-Token (G-Token) 830

In the Graph-Token methodology (Perozzi et al., 831

2024) G-Token (GSAGE) employs GraphSAGE as 832

the GNN encoder to process the graph’s structure, 833

generating representations through neighborhood 834

aggregation, while G-Token (GAT) uses GAT as 835

the GNN encoder, leveraging attention mechanisms 836

to weigh node connections. The representations 837

are then mapped by a trained linear projector into 838

token embeddings. These tokens are prepended to 839

the prompt of a frozen LLM. 840

A.4 GraphPrompter 841

GraphPrompter (Liu et al., 2024b) is designed 842

for node classification tasks by integrating struc- 843

tural and textual information through graph token 844

prompting. For each target node, a k-hop subgraph 845

is extracted and encoded using a GNN to capture 846

local structural context, followed by a projection 847

layer that maps the graph representation into the 848

LLM embedding space. In parallel, the textual at- 849

tributes associated with each node are processed by 850

a text embedder to obtain semantic representations. 851

The resulting graph and text embeddings are con- 852

catenated to form a graph token soft prompt, which 853

is prepended to the input of a frozen LLM to guide 854

downstream graph learning tasks. 855

A.5 GNN Architectures 856

Let a graph be G = (V, E , X, Y ), where V denotes 857

the set of nodes, E ⊆ V × V represents the set of 858

edges, X ∈ R|V|×d is the node feature matrix, with 859

|V| representing the number of nodes and d the 860

dimension of the node features, and Y ∈ R|V|×C 861

is the one-hot encoded label matrix, with C being 862

the number of classes. Let A ∈ R|V|×|V| denote 863

the adjacency matrix of G. 864

A.5.1 Graph Convolutional Networks (GCN) 865

GCNs (Kipf and Welling, 2017) update node em- 866

beddings using a normalized sum over neighboring 867

features: 868

h(l)v = σ

 ∑
u∈N (v)∪{v}

1√
d̂vd̂u

h(l−1)
u W (l)

 (5) 869
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where d̂v is the degree of node v (including self-870

loops), W (l) is the trainable weight matrix at layer871

l, and σ(·) is an activation function such as ReLU.872

A.5.2 GraphSAGE873

GraphSAGE (Hamilton et al., 2018) aggregates874

neighborhood information using a fixed aggrega-875

tion function (e.g., mean):876

h(l)v = σ
(
h(l−1)
v W

(l)
1 +

(
meanu∈N (v)h

(l−1)
u

)
W

(l)
2

)
(6)877

where W (l)
1 and W

(l)
2 are trainable matrices and the878

neighbor embeddings are averaged.879

A.5.3 Graph Attention Networks (GAT)880

GATs (Veličković et al., 2018) apply masked self-881

attention over neighbors. The attention coefficient882

between nodes v and u is:883

e(l)vu = LeakyReLU
(
a⊤

[
Wh(l−1)

v ∥Wh(l−1)
u

])
(7)

884

α(l)
vu =

exp(e
(l)
vu)∑

r∈N (v) exp(e
(l)
vr )

(8)885

and the node update is:886

h(l)v = σ

 ∑
u∈N (v)

α(l)
vuWh(l−1)

u

 (9)887

where W is the shared weight matrix, a is a learn-888

able attention vector, and ∥ denotes concatenation889

and α
(l)
vu is the attention coefficient between nodes890

v and u.891

A.6 Training Details for GLMs and892

Soft-Prompt Baselines893

All experiments are conducted using five random894

seeds: 0, 42, 1918, 2004, and 2024. We use a895

fixed number of 10 graph tokens (projector output896

tokens) across all GLMs and soft-prompt baselines.897

The input format to the LLM follows the structure:898

[<BOS> + 10x<G> + Context + Question +899

<EOS>]900

where <G> represents either the trainable graph to-901

kens (in GLMs) or the fixed soft-prompt tokens902

(in soft-prompt baselines). For both the CLEGR903

and node classification tasks, all GLMs and soft-904

prompt variants are trained for a single epoch using905

the AdamW optimizer with a constant learning rate906

of 0.001 and a batch size of 1 during both training907

and evaluation. All GLMs are implemented using 908

a GraphSAGE (Hamilton et al., 2018) backbone, 909

with the exception of G-Token (GAT), which uses a 910

GAT-based encoder. Furthermore, the TEA-GLM 911

models are pre-trained using 1000 PCA-projected 912

features extracted from each LLM, following the 913

protocol described in Wang et al. (2024) (Table 5- 914

6). For CiteSeer, we use 500 PCA-projected fea- 915

tures due to its higher original feature dimensional- 916

ity, which may contribute to the lower performance 917

observed on this dataset. 918

A.7 GNN Training 919

We follow the works of (Luo et al., 2024) for GNN 920

baselines; we follow the same training setup, adopt- 921

ing their recommended hyperparameters and opti- 922

mization configurations for each dataset. (Table 4) 923

A.8 Node Classification Evaluation 924

For the GNN baselines, we adopt standard eval- 925

uation pipelines as used in prior work, including 926

accuracy-based evaluation over ground-truth node 927

labels. Specifically, following (Luo et al., 2024), 928

models are trained and evaluated on fixed data 929

splits, and performance is reported as the mean 930

and standard deviation across five random seeds. 931

For the GLMs and soft-prompt models, we 932

adopt a flexible string-matching protocol to map 933

generated textual responses to discrete class la- 934

bels. Each dataset-specific evaluator contains a 935

fixed list of candidate class names and defines a 936

‘match_prediction’ function that attempts to align 937

the raw LLM output with one of the ground-truth la- 938

bels. A prediction is considered correct if it begins 939

with the correct class name (e.g., “Asia” matches 940

“Asia in the 20th century”). Unmatched pre- 941

dictions are mapped to a special None class index. 942

This string-based matching enables compatibility 943

between natural language generation from LLMs 944

and traditional classification metrics like accuracy. 945

Final accuracy scores are computed by comparing 946

matched predictions to the ground-truth class label. 947

A.9 Computing Infrastructure 948

All experiments are conducted on machines 949

equipped with NVIDIA A100 GPUs with 80GB of 950

memory. 951
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Table 4: Hyperparameter configurations for GCN, GAT, and GraphSAGE across five benchmark datasets. ‘Norm’
abbreviates normalization (LN: LayerNorm, BN: BatchNorm), and ‘LR’ is the learning rate.

Model Dataset ResNet Norm Dropout #Layers Hidden Dim LR Epochs

GCN

Cora False None 0.7 3 512 0.001 500
Citeseer False None 0.5 2 512 0.001 500

Computer False LN 0.5 3 512 0.001 1000
Photo True LN 0.5 6 256 0.001 1000

History True LN 0.5 6 256 0.001 1000
Arxiv True BN 0.5 5 512 0.0005 2000

GAT

Cora True None 0.2 3 512 0.001 500
Citeseer True None 0.5 3 256 0.001 500

Computer False LN 0.5 2 64 0.001 1000
Photo True LN 0.5 3 64 0.001 1000

History True LN 0.5 3 64 0.001 1000
Arxiv True BN 0.5 5 256 0.0005 2000

GraphSAGE

Cora False None 0.7 3 256 0.001 500
Citeseer False None 0.2 3 512 0.001 500

Computer False LN 0.3 4 64 0.001 1000
Photo True LN 0.2 6 64 0.001 1000

History True LN 0.2 6 64 0.001 1000
Arxiv True BN 0.5 4 256 0.0005 2000

Table 5: GLM hyperparameter settings for using the G-Retriever & G-Token (GSAGE) models. All configurations
use consistent hidden/project dimensions and dropout.

Dataset GNN backbone Task In Dim Hidden Dim Out Dim Proj Dim Layers Dropout

Cora GraphSAGE Node 500 1024 1024 1024 3 0.5
Citeseer GraphSAGE Node 500 1024 1024 1024 3 0.5
Arxiv GraphSAGE Node 128 1024 1024 1024 3 0.5
Computers GraphSAGE Node 768 1024 1024 1024 3 0.5
History GraphSAGE Node 768 1024 1024 1024 3 0.5
Photo GraphSAGE Node 768 1024 1024 1024 3 0.5
CLEGR GraphSAGE Graph 768 1024 1024 1024 3 0.5

B CLEGR Benchmark Construction952

B.1 CLEGR Subway Networks953

B.1.1 Overview954

The CLEGR dataset is a graph-based question an-955

swering benchmark built on synthetic subway net-956

works extending on the work by (Mack and Jef-957

ferson, 2018). Each graph represents a fictional958

subway system with randomly generated nodes and959

attributes.960

B.1.2 Graph Generation961

Graphs in CLEGR are primarily constructed using962

lines. Each graph begins with a predefined number963

of lines, where each line is assigned a unique name964

and the following attributes:965

• has_aircon966

• color967

• stroke968

• built 969

Lines may intersect with each other. Along each 970

line, a sequence of stations is generated. Stations 971

near line intersections may belong to two lines. 972

Each station is assigned a unique name and the 973

following attributes: 974

• disabled_access 975

• has_rail 976

• music 977

• architecture 978

• size 979

• cleanliness 980

Edges connect every pair of adjacent stations on 981

a line, and inherit properties from the parent line. 982

The overall size of the graph is controlled by the 983

number of lines and the number of stations per line. 984
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Dataset GNN backbone Task In Dim Hidden Dim Out Dim Proj Dim Layers Dropout

Cora GAT Node 500 1024 1024 1024 3 0.5
Citeseer GAT Node 500 1024 1024 1024 3 0.5
Arxiv GAT Node 128 1024 1024 1024 3 0.5
Computers GAT Node. 768 1024 1024 1024 3 0.5
History GAT Node. 768 1024 1024 1024 3 0.5
Photo GAT Node 768 1024 1024 1024 3 0.5
CLEGR GAT Graph 768 1024 1024 1024 3 0.5

Table 6: GLM hyperparameter settings for using the GAT models. All configurations use consistent hidden/project
dimensions and dropout.

B.2 Graph Statistics985

Table 7 presents the graph statistics for CLEGR986

Subway Networks.987

Metric CLEGR CLEGR-Large

Average Number of Nodes 26.54 ± 5.41 73.17 ± 13.55
Average Number of Edges 28.32 ± 6.37 78.87 ± 16.41
Average Number of Lines 6.02 ± 1.23 9.97 ± 2.02

Table 7: Graph statistics for CLEGR Subway Networks
with different graph sizes.

B.3 Dataset Generation Pipeline988

B.3.1 Questions989

The dataset contains 34 question templates for Rea-990

soning Based questions. Each generated graph will991

have two instances of each question template. The992

question templates are of the following form: "How993

many stations playing {} does {} pass through?"994

The empty {} in the above template will be filled995

by a randomly picked Music and Line.996

B.3.2 Reasoning Based Questions997

Contains 34 questions which require the model to998

do some amount of reasoning on the information999

it retrieves from the graph. The different types1000

of reasoning subgroups we try to incorporate in1001

our dataset are listed here: Aggregation, Filtering,1002

PathReasoning, Topology (all the templates as per1003

the question scope can be viewed at Tables 8, 9,10).1004

C Dataset Generation and Schema1005

The dataset consists of procedurally generated tran-1006

sit (metro system) graphs, each accompanied by1007

a set of questions and answers derived from its1008

structure and attributes.1009

C.1 Graph Generation Pipeline1010

Each graph, representing a unique transit map,1011

is generated through a multi-stage pipeline de-1012

signed to create complex and semi-realistic struc- 1013

tures. The core generation logic is implemented in 1014

generate_graph.py. 1015

1. Line Generation: A set of metro lines is cre- 1016

ated. Each line is assigned a unique ID, a 1017

name (e.g., "Blue Line", "Circle Express"), 1018

and a set of properties such as color, stroke 1019

style (solid, dashed, dotted), year of construc- 1020

tion, and whether it has air conditioning. To 1021

ensure visual distinctiveness, combinations of 1022

color and stroke style are unique across the 1023

graph. 1024

2. Station Placement along Curves: For each 1025

line, a cubic Bézier curve is generated with 1026

random control points within a predefined 1027

map radius. A specified number of initial 1028

station locations are then calculated by eval- 1029

uating points along this curve. This method 1030

produces smooth, winding paths for metro 1031

lines rather than simple straight lines. A small 1032

amount of Gaussian noise is added to each sta- 1033

tion’s coordinates for organic variation. Each 1034

station is initialized with a unique, program- 1035

matically generated name and a set of prop- 1036

erties (e.g., architecture, cleanliness, disabled 1037

access). 1038

3. Station Coalescing: A critical step to create 1039

realistic interchanges. A KD-Tree is used to 1040

efficiently find all stations across all lines that 1041

are within a minimum distance threshold of 1042

each other. These nearby stations are merged 1043

into a single node using a Disjoint Set Union 1044

(DSU) algorithm. The resulting merged node, 1045

representing an interchange station, inherits 1046

the ID and properties of one of its constituent 1047

pre-merge stations. This process transforms a 1048

simple collection of lines into a more complex, 1049

interconnected network. 1050
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4. Edge Generation: After stations are coa-1051

lesced, edges are created to connect consec-1052

utive stations along each line’s path. If a se-1053

quence of stations on a line was A → B →1054

C and stations B and C were coalesced into a1055

new station D, the resulting edges would con-1056

nect A → D. Edges store the IDs of the two1057

stations they connect and inherit properties1058

from their parent line, such as its name, color,1059

and stroke style.1060

5. Connectivity Assurance: The graph is1061

checked for connectivity using NetworkX. If1062

the graph consists of multiple disconnected1063

components, new "connector" edges are added1064

to link them. A random node is chosen from1065

each of two components, and a new edge is1066

created between them. This edge is styled1067

as a dotted line to be visually distinct and is1068

assigned to one of the existing lines. This en-1069

sures the entire graph is a single connected1070

component, which is a prerequisite for many1071

graph algorithms (e.g., shortest path calcula-1072

tions between any two nodes).1073

6. Integer Naming (Optional): For certain1074

model training regimes, all human-readable1075

station and line names can be replaced with1076

unique integer strings. This prevents mod-1077

els from learning spurious correlations from1078

the names themselves and forces them to rely1079

solely on the graph’s topology and categori-1080

cal features. When this option is enabled, an1081

entity’s ID is also updated to match its new1082

integer name for consistency.1083

The entire generation process is configurable via1084

command-line arguments, allowing for the creation1085

of graphs of varying sizes (small, medium, large,1086

or a random mix), controlled by parameters like1087

the number of lines, stations per line, and the map1088

radius.1089

C.2 Feature Schema1090

The dataset contains three primary entities: Nodes1091

(Stations), Edges (Tracks), and Lines. Their at-1092

tributes are detailed below.1093

C.2.1 Node Features (Stations)1094

Each node represents a station and has the follow-1095

ing attributes, which are one-hot encoded to form1096

the node feature tensor x.1097

id (String): A unique identifier for the station. If 1098

integer names are used, this is the integer as a 1099

string. 1100

name (String): The human-readable or integer 1101

name of the station. 1102

x, y (Float): The 2D coordinates of the station on 1103

the map. 1104

disabled_access (Boolean): Whether the station 1105

has disabled access. 1106

has_rail (Boolean): A categorical property, e.g., 1107

for distinguishing train stations from bus sta- 1108

tions in a mixed-modal system. 1109

music (String): The genre of ambient music 1110

played (e.g., ’classical’, ’rock’, ’none’). 1111

architecture (String): The architectural 1112

style of the station (e.g., ’victorian’, 1113

’modernist’). 1114

size (String): The relative size of the station (e.g., 1115

’small’, ’large’). 1116

cleanliness (String): A binary property 1117

(’clean’ or ’dirty’). 1118

C.2.2 Edge Features (Tracks) 1119

Each edge represents a track segment between two 1120

stations on a specific line. Edges are directed in the 1121

PyG representation (i.e., an edge from A to B is 1122

distinct from B to A), but represent an undirected 1123

physical connection. Their attributes form the edge 1124

feature tensor edge_attr. 1125

station1, station2 (String): The IDs of the 1126

nodes connected by the edge. 1127

line_id (String): The ID of the line this track 1128

segment belongs to. 1129

line_name (String): The name of the line. 1130

line_color (String): The color of the line. 1131

line_stroke (String): The stroke style of the line 1132

(e.g., ’solid’, ’dotted’). 1133

properties (Dict): A dictionary containing 1134

properties inherited from the line, such 1135

as ’line_has_aircon’ (Boolean) and 1136

’line_built’ (String, e.g., ’1990’). 1137
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C.3 Question-Answer Generation1138

With a graph fully generated, the generate.py1139

script produces a set of question-answer pairs.1140

1) Question Templates: A predefined set of1141

QuestionForm objects encapsulate different types1142

of questions. These are organized by group (e.g.,1143

lookup, comparison) and type (e.g., existence,1144

counting); 2) Instantiation: For each graph, the1145

script iterates a specified number of times to gener-1146

ate questions. In each iteration, it randomly selects1147

a QuestionForm and attempts to instantiate it using1148

the current graph. This involves sampling nodes,1149

lines, or properties from the graph to fill in the1150

template’s parameters; and 3) Answer Derivation:1151

The ground truth answer is derived by programmat-1152

ically executing a functional representation of the1153

question on the GraphSpec object. For example, to1154

answer "How many stations on the Red Line are1155

large?", the program iterates through the nodes on1156

the Red Line and counts how many have their size1157

attribute set to ’large’. If a question cannot be1158

instantiated (e.g., a question about interchanges in1159

a graph with none), the attempt is discarded, and1160

another form is tried.1161

This process yields a diverse set of questions,1162

ranging from simple property lookups ("Does Red1163

Station have disabled access?") to complex multi-1164

hop reasoning involving counting, comparison, and1165

logical operations ("Which line has more modernist1166

stations, the Blue Line or the Green Line?").1167

C.4 Final Data Format1168

The complete dataset is saved as a list of Py-1169

Torch Geometric Data objects in a single .pt file.1170

Crucially, each Data object represents a single1171

graph-question-answer triplet.1172

A companion _mappers.pkl file is also saved,1173

containing dictionaries that map the raw string val-1174

ues of all categorical features to their integer in-1175

dices used in the feature tensors.1176

Each torch_geometric.data.Data object has1177

the following key attributes:1178

x (Tensor): Node feature matrix of shape1179

[N,Fnode], where N is the number of nodes1180

and Fnode is the size of the embedding of the1181

sentence representing the node features en-1182

coded by BERT.1183

edge_index (Tensor): Graph connectivity in COO1184

format, a tensor of shape [2, E], where E is1185

the number of directed edges.1186

edge_attr (Tensor): Edge feature matrix of shape 1187

[E,Fedge], where Fedge is the size of the em- 1188

bedding of the sentence representing the edge 1189

features encoded by BERT. 1190

question (String): The natural language question, 1191

e.g., "How many stations are on the Cyan 1192

Line?". 1193

label (String): The ground truth answer, seri- 1194

alized to a string (e.g., ’12’, ’True’, ’Red 1195

Line’). 1196

question_type (String): A unique string iden- 1197

tifying the question template used, e.g., 1198

’CountStationsOnLine’. 1199

question_group (String): The general category 1200

of the question, e.g., ’count’. 1201

C.4.1 Node Sentence Representation 1202

The textual attributes of nodes are used to generate 1203

a sentence of the following form describing the 1204

node: 1205

{NodeName} {has/does not have} disabled ac- 1206

cess and {has/does not have} rail. It features {Ar- 1207

chitecture} architecture, has {Cleanliness} cleanli- 1208

ness, {Music} music and is {Size} in size. 1209

C.4.2 Edge Sentence Representation 1210

Similarly, the textual attributes of edges are used to 1211

generate a sentence of the following form: 1212

There is a {LineStroke} {LineColour} line from 1213

{SourceStation} to {DestinationStation}. It {has/- 1214

does not have} air conditioning and was built in 1215

{BuiltYear}. 1216

C.4.3 Graph Embeddings 1217

The sentence representation of each node/edge is 1218

encoded into a 768 dimensional embedding us- 1219

ing bert-base-uncased. These embeddings are 1220

passed to the GNN backbone. 1221

C.4.4 Data Tuples 1222

Each Data example in CLEGR is a tuple of the 1223

form (Graph, Question, Answer). 1224

C.4.5 Dataset Statistics 1225

The total default number of graphs generated is 500. 1226

The CLEGR dataset contains 32,248 questions (af- 1227

ter natural filtration of invalid questions from a 1228

total of 34,000 questions), with 68 reasoning-based 1229

questions per graph. The Train, Validation and Test 1230

sets contain 300, 100 and 100 graphs (and their 1231

corresponding questions) respectively. 1232
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C.4.6 Output Format1233

The model’s output is of one of the following for-1234

mats: List, Boolean, String, Numeric. The prompt1235

passed to the model will be suffixed with text de-1236

scribing the output format.1237

C.5 CLEGR Computer-Networks1238

The CLEGR Computer-Networks is a dataset con-1239

taining graphs representing fictional computer net-1240

works. These graphs are generated very similar1241

to the generation used in the Subway Networks1242

dataset. There are some differences in the graph1243

generation primarily due to the fact that "lines"1244

do not exist in this dataset. The differences are1245

highlighted below:1246

1. Node-Centric Foundation (vs. Line-1247

Centric): The process begins by generat-1248

ing a target number of nodes, as specified1249

by the nodes parameter. Unlike the tran-1250

sit map’s structured placement along Bézier1251

curves, these system nodes are scattered with1252

random (x, y) coordinates across the map1253

space. The concept of a ‘LineSpec‘ is entirely1254

absent; nodes are the primary, independent1255

entities from the outset.1256

2. Emergent Topology via Proximity (vs. Pre-1257

Defined Paths): Edge creation is not de-1258

termined by a sequential path. Instead, the1259

gen_edges function implements a k-nearest1260

neighbor algorithm. After the final node po-1261

sitions are set, a KDTree is used to find the1262

‘k‘ closest neighbors for each node (where ‘k‘1263

is derived from the avg_degree parameter).1264

Edges are then created between a node and its1265

neighbors.1266

3. Hub Formation (vs. Interchange Creation):1267

The function coalesce_nearby_nodes1268

serves a different conceptual purpose here. In1269

the transit model, it created interchanges by1270

merging nodes from different lines. Here, it1271

addresses the potential for random placement1272

to create unrealistic clusters of nodes. By1273

merging nodes that are too close, such node1274

clusters are reduced.1275

4. Intrinsic Edge Properties (vs. Inherited):1276

In the transit model, edge properties (like1277

color and stroke) were inherited from their par-1278

ent line. In this dataset, every edge is assigned1279

its own set of properties directly and randomly1280

from the EdgeProperties dictionary. At- 1281

tributes like bandwidth_units, latency_ms, 1282

and encryption_status are intrinsic to the 1283

connection itself. 1284

C.6 Feature Schema 1285

The feature schema is completely redesigned to 1286

reflect the computer network domain. 1287

C.6.1 Node Features (System Nodes) 1288

Each node represents a computer system, server, or 1289

device. Its attributes are one-hot encoded into the 1290

node feature tensor x. 1291

id (String): A unique identifier for the system 1292

node. 1293

name (String): The programmatically generated 1294

name of the node. 1295

x, y (Float): The 2D coordinates of the node in 1296

the grid space. 1297

status (String): The operational status of the 1298

node (e.g., ’Operational’, ’Offline’, 1299

’Overloaded’). 1300

security_level (String): An assigned security 1301

clearance level (e.g., ’Public’, ’Internal’, 1302

’Restricted’). 1303

location_sector (String): The logical or phys- 1304

ical sector where the node is located (e.g., 1305

’Sector_Red’). 1306

firmware_version (String): The version of the 1307

node’s firmware (e.g., ’v1.1’, ’v2.0’). 1308

power_consumption_units (Integer): A mea- 1309

sure of the node’s power draw. 1310

C.6.2 Edge Features (Connections) 1311

Each edge represents a network connection be- 1312

tween two system nodes. There is no ‘LineSpec‘ 1313

entity. Edge attributes are one-hot encoded into the 1314

edge feature tensor edge_attr. 1315

node1_id, node2_id (String): The IDs of the 1316

two nodes being connected. The class at- 1317

tribute is named station1, station2 to be com- 1318

patible with the other domain’s codebase. 1319

bandwidth_units (Integer): A measure of the 1320

connection’s data throughput capacity. 1321

latency_ms (Integer): The latency of the connec- 1322

tion in milliseconds. 1323
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Template Name Question Template Output Type

StationPairAdjacent Which station is adjacent to both {Station} and {Station}? String
StationArchitectureAdjacent Which {Architecture} station is adjacent to {Station}? String

StationTwoHops How many other stations are two stops or closer to {Station}? Numeric
HasCycle Is {Station} part of a cycle? Boolean

StationOneApartTrue Are {Station} and {Station} connected by the same station? Boolean
StationOneApart Are {Station} and {Station} connected by the same station? Boolean

TopologyMostCommonArch What is the most common architectural style of stations within 2 hops of
{Station}?

String

CountIntersectionProperties How many stations are both large and have disabled access? Numeric
CompareArchitectureCount Which architectural style has more stations, {Architecture} or {Archi-

tecture}?
String

Table 8: CLEGR Question Templates for the Subway Networks (Scope: Node)

Template Name Question Template Output Type

StationSameLineTrue Are {Station} and {Station} on the same line? Boolean
EdgeFilterAirconCount How many air-conditioned lines is {Station} connected to? Numeric
EdgeFilterColorCount How many {Color} lines is {Station} connected to? Numeric

PathYearSpan How many years newer is the newest line between {Station} and {Sta-
tion} compared to the oldest?

Numeric

PathOptimalColor What is the most common line color on the shortest path between {Sta-
tion} and {Station}?

String

PathEarliestBuilt What is the earliest year a line was built on the shortest path between
{Station} and {Station}?

String

Table 9: CLEGR Question Templates for the Subway Networks (Scope: Edge)

Template Name Question Template Output Type

LineTotalArchitectureCount How many architectural styles does {Line} pass through? Numeric
LineTotalMusicCount How many music styles does {Line} pass through? Numeric
LineTotalSizeCount How many sizes of station does {Line} pass through? Numeric

LineFilterMusicCount How many stations playing {Music} does {Line} pass through? Numeric
LineFilterCleanlinessCount How many {Cleanliness} stations does {Line} pass through? Numeric

LineFilterSizeCount How many {Size} stations does {Line} pass through? Numeric
LineFilterDisabledAccessCount How many stations with disabled access does {Line} pass through? Numeric

LineFilterHasRailCount How many stations with rail connections does {Line} pass through? Numeric
LineStations Which stations does {Line} pass through? List

StationShortestCount How many stations are between {Station} and {Station}? Numeric
StationShortestAvoidingCount How many stations are on the shortest path between {Station} and

{Station} avoiding {Cleanliness} stations?
Numeric

StationShortestAvoiding
ArchitectureCount How many stations are on the shortest path between {Station} and

{Station} avoiding {Architecture} architecture stations?
Numeric

DistinctRoutes How many distinct routes are there between {Station} and {Station}? Numeric
CountEqualSizeStation How many stations in {Line} are of the same size as {Station}? Numeric
LineIntersectionStations How many stations are shared between the {Line} and the {Line}? Numeric

NodeOnPath Is {Station} on the shortest path between {Station} and {Station}? Boolean
PathMostCommonMusic What is the most common music style on the shortest path between

{Station} and {Station}?
String

CompareLineDisabledAccess Which line has more stations with disabled access, {Line} or {Line}? String

Table 10: CLEGR Question Templates for the Subway Networks (Scope: Sub-graph)
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encryption_status (String): The encryption1324

state of the connection (e.g., ’Encrypted’,1325

’Unencrypted’).1326

C.6.3 Node Sentence Representation1327

Similar to the Subway Netowrks dataset, the textual1328

attributes of nodes are used to generate a sentence1329

of the following form describing the node:1330

System node {NodeName} is in {LocationSector}1331

with status {Status}. It has security level {Secu-1332

rityLevel}, firmware {FirmwareVersion}, and con-1333

sumes {PowerConsumptionUnits} power units.1334

C.6.4 Edge Sentence Representation1335

Similarly, the textual attributes of edges are used to1336

generate a sentence of the following form:1337

A link connects {SourceNodeName} and {Desti-1338

nationNodeName}. It has {BandwidthUnits} band-1339

width units, {Latency}ms latency, and its encryp-1340

tion status is {EncryptionStatus}.1341

C.7 Graph Statistics1342

Table 11 shows the graph statistics for CLEGR1343

Computer Networks, which is also similar to that1344

of CLEGR Subway Networks.1345

Metric CLEGR Computer-Networks

Average Number of Nodes 21.64 ± 3.93
Average Number of Edges 28.61 ± 5.30

Table 11: Graph statistics for CLEGR Computer Net-
works with different graph sizes.

All the question templates for the CLEGR Com-1346

puter Networks are present at Table 121347

D CLEGR Evaluation1348

D.1 Evaluation Metrics by Answer Type1349

CLEGR includes four distinct answer formats,1350

each evaluated with tailored methods:1351

• Categorical Answers (e.g., station names, ar-1352

chitecture types):1353

Evaluated using exact match after normaliza-1354

tion (lowercasing and punctuation removal).1355

• Boolean Answers (e.g., yes/no questions):1356

Text responses such as “yes”, “no”, “true”,1357

or “false” are mapped to binary values. We1358

compute accuracy, F1-score, and Matthews1359

Correlation Coefficient (MCC).1360

• Numeric Answers (e.g., distances, years): 1361

Evaluated using approximate equality via 1362

numpy.isclose. If direct parsing fails, we 1363

extract numbers using regex. Metrics include 1364

accuracy, Mean Absolute Error (MAE), and 1365

Root Mean Square Error (RMSE). 1366

• Set-Valued Answers (e.g., lists of stations): 1367

Scored using set-based precision, recall, and 1368

F1-score, based on overlap with the ground 1369

truth set. 1370

D.2 Overall Evaluation 1371

Each question is scored using the appropriate 1372

method for its answer type. We report overall 1373

accuracy as the primary evaluation metric, defined 1374

as the proportion of correctly answered questions 1375

across the full test set. This ensures a fair and 1376

consistent comparison across models and tasks. 1377

E Prompt Templates 1378

E.1 Example Prompts for Node Classification 1379

E.1.1 Arxiv 1380

Textual Prompt Format
<s>[INST] Title: {Title}\nAbstract: {Ab-
stract}\nAnswer the following question: Which
subcategory does this paper belong to? Please
only output the most likely answer from the fol-
lowing subcategories and nothing else: {Comma
separated Category List}. \nAnswer: [/INST]
{Label} [/s]

1381

E.1.2 Cora 1382

Textual Prompt Format
<s>[INST] Title: {Title}\nAbstract: {Ab-
stract}\nAnswer the following question: Which
subcategory does this paper belong to? Please
only output the most likely answer from the fol-
lowing subcategories and nothing else: theory,
reinforcement learning, genetic algorithms, neu-
ral networks, probabilistic methods, case based,
rule learning. \nAnswer: [/INST] {Label} [/s]

1383

E.1.3 CiteSeer 1384
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Textual Prompt Format
<s>[INST] Text: {Text}\nAnswer the following
question: Which category does this paper belong
to? Please only output the most likely answer
from the following categories directly and noth-
ing else: Agents, AI, DB, IR, ML, HCI. \nAn-
swer: [/INST] {Label} [/s]

1385

E.1.4 Computers1386

Textual Prompt Format
<s>[INST] {Context}\nAnswer the following
question: Which computer product subcategory
does this review belong to? Please only output
the most likely answer from the following subcat-
egories and nothing else: computer accessories
and peripherals, tablet accessories, laptop acces-
sories, computers and tablets, computer compo-
nents, data storage, networking products, mon-
itors, servers, tablet replacement parts \n\n An-
swer: [/INST] {Label} [/s]

1387

E.1.5 Photo1388

Textual Prompt Format
<s>[INST] {Context}\nAnswer the following
question: Which photography related subcate-
gory does this description belong to? Please only
output the most likely answer from the following
subcategories and nothing else: Film Photogra-
phy, Video, Digital Cameras, Accessories, Binoc-
ulars & Scopes, Lenses, Bags & Cases, Lighting
& Studio, Flashes, Tripods & Monopods, Un-
derwater Photography, Video Surveillance \n\n
Answer: [/INST] {Label} [/s]

1389

E.1.6 History1390

Textual Prompt Format
<s>[INST] {Context}\nAnswer the following
question: Which history related subcategory does
this description belong to? Please only output the
most likely answer from the following subcate-
gories and nothing else: World, Americas, Asia,
Military, Europe, Russia, Africa, Ancient Civi-
lizations, Middle East, Historical Study & Edu-
cational Resources, Australia & Oceania, Arctic
& Antarctica \n\n Answer: [/INST] {Label} [/s]

1391

E.1.7 CLEGR 1392

Textual Prompt Format
<s>[INST] --- Nodes ---\n{CSV String describ-
ing all the Nodes}\n--- Edges ---\n{CSV String
describing all the Edges}Above is the represen-
tation of a synthetic subway network. All sta-
tions and lines are completely fictional. Keep in
mind that the subway network is not real. All
information necessary to answer the question is
present in the above representation. The ques-
tion is: {Question}\n\n{Answer Format Suffix}
[/INST] {Label} [/s]

1393

CSV String describing all the Nodes: A string 1394

describing all the nodes formatted like a CSV files 1395

with rows representing each node and columns de- 1396

scribing different attributes of the nodes following 1397

the G-Retriever (He et al., 2024b) pipeline. 1398

CSV Header
“id", “name", “disabled_access", “has_rail", “ar-
chitecture", “cleanliness", “music", “size"

1399

CSV String describing all the Edges: A string 1400

describing all the nodes formatted like a CSV files 1401

with rows representing each edge and columns de- 1402

scribing different attributes of the edges. 1403

CSV Header
“source_id", “target_id", “line_color",
“line_stroke", “has_aircon", “built"

1404

Answer Format Suffix: Depending on the ques- 1405

tion and the output format expected by the question, 1406

one of the following is suffixed to the question. 1407

Output Format Suffixes
String Output: Answer directly:
Bool Output: Answer with ‘True’ or ‘False’:
\n\nAnswer:
List Output: Output a comma-separated list:
Count Output: Answer with a number:
\n\nAnswer:
Cycle Detection Question: Answer with ‘True’
if it is in a cycle, otherwise ‘False’: \n\nAnswer:

1408

F CLEGR (Zero Shot Transfer) 1409

This section presents the accuracy results of GLMs 1410

on different transfer learning scenarios across do- 1411

mains. Table 13 shows zero-shot domain transfer 1412

from CLEGR Subway Networks to CLEGR Com- 1413

puter Networks, while Table 14 presents in-domain 1414

performance on CLEGR Computer Networks. 1415
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Template Name Question Template Output Type Scope

CountNodesWithStatus How many nodes have status {Status}? Numeric Sub-
graph

ListNodesInSector List all nodes in {Sector}. List
MostCommonFirmware What is the most common firmware version? String Sub-

graph
CountNodesWithTwoProps How many nodes in {Sector} have security level {Security

Level}?
Numeric Sub-

graph
CountNeighborsOperational How many neighbors of {Node} are ’Operational’? Numeric Sub-

graph
ShortestPathLen How many nodes are on shortest path between {Node} and

{Node}?
Numeric Sub-

graph
NodesBetween How many nodes lie between {Node} and {Node} on that path? Numeric Sub-

graph
PathAvoidingStatus Is there a path from {Node} to {Node} avoiding status {Status}? Boolean Sub-

graph
WithinHops How many other nodes are within 3 hops of {Node}? Numeric Node
HasCycle Is {Node} part of a cycle? Boolean Node

OneIntermediary Are {Node} and {Node} connected via exactly one intermedi-
ary?

Boolean Edge

Table 12: Question Template Definitions for the CLEGR Computer-Networks Dataset.

Model Trained → Tested Accuracy

GraphSAGE Llama3-8B CLEGR Subway → CLEGR Computer 33.16 ± 0.97
GraphSAGE Phi3-3.5B CLEGR Subway → CLEGR Computer 27.33 ± 2.51
GraphSAGE Phi4-14B CLEGR Subway → CLEGR Computer 39.3 ± 2.34
TEA-GLM Llama3-8B CLEGR Subway → CLEGR Computer 32.92 ± 2.27
TEA-GLM Phi3-3.5B CLEGR Subway → CLEGR Computer 27.67 ± 2.52
TEA-GLM Phi4-14B CLEGR Subway → CLEGR Computer 40.72 ± 2.87

Llama3-8B-SPT CLEGR Subway → CLEGR Computer 30.89 ± 0.66
Phi3-3.5B-SPT CLEGR Subway → CLEGR Computer 26.81 ± 1.45
Phi4-14B-SPT CLEGR Subway → CLEGR Computer 36.79 ± 1.17

Table 13: Zero-shot Transfer Accuracy: Trained on CLEGR Subway Networks, Tested on CLEGR Computer
Networks

Model Trained → Tested Accuracy

GraphSAGE Llama3-8B CLEGR Computer → CLEGR Computer 52.33 ± 1.34
GraphSAGE Phi3-3.5B CLEGR Computer → CLEGR Computer 47.53 ± 1.46
TEA-GLM Llama3-8B CLEGR Computer → CLEGR Computer 47.94 ± 4.32
TEA-GLM Phi3-3.5B CLEGR Computer → CLEGR Computer 39.67 ± 4.39

Llama3-8B-SPT CLEGR Computer → CLEGR Computer 48.22 ± 2.07
Phi3-3.5B-SPT CLEGR Computer → CLEGR Computer 46.38 ± 2.48

Table 14: In-Domain Accuracy: Trained and Tested on CLEGR Computer Networks
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