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Abstract001

Graph-to-text generation (G2T) is a branch of002
Natural Language Generation (NLG) that aims003
to generate a textual output that can accurately004
and fluently describe the given graph. Recently,005
large language models (LLMs) have demon-006
strated remarkable in-context learning (ICL)007
capabilities in various NLG tasks. However,008
LLMs are prone to producing hallucinations,009
resulting in inconsistent content between the010
generated text and the original graph. In this011
paper, we are the first to comprehensively ex-012
plore the performance of various LLMs in the013
G2T tasks on both KG and AMR data. For014
high-consistency G2T, we propose the LLM-015
based Mobius-Cycle (MoC) framework, a non-016
training inference-time scaling method that017
utilizes multi-round reverse reconstruction of018
graphs to enhance consistency. In each round,019
the LLMs perform three steps in sequence: re-020
verse reconstruction, consistency judgement,021
and graph-to-text generation. We define the022
new metric, RRGScore, for LLM-as-a-Judge023
to measure the consistency between the reverse024
reconstructed graph (RRG) and the original025
graph. We also define a new metric, JCI (Judge-026
ment Confidence Index), to measure the confi-027
dence level of the LLMs during the consistency028
judgement process. We conduct extensive auto-029
matic evaluations and LLM-as-a-Judge evalua-030
tions on both KG and AMR datasets to assess031
the consistency of various LLMs. The exper-032
imental results indicate that our MoC frame-033
work can effectively improve the consistency of034
LLMs in G2T tasks and has good interpretabil-035
ity based on the consistency judgement. The036
code and data will be released upon acceptance.037

1 Introduction038

Graph-to-text generation (G2T) is an important039

branch of Natural Language Generation (NLG). It040

aims to generate natural language descriptions that041

fluently and precisely describe the given graph (Lin042

et al., 2024), such as Knowledge Graph (KG) or043

Abstract Meaning Representation (AMR). These 044

structured graphs store rich information and are 045

widely used in practical life and scientific research. 046

Early graph-to-text generation methods (Ribeiro 047

et al., 2019; Zhao et al., 2020; Zhang et al., 2020b; 048

Guo et al., 2019; Ribeiro et al., 2020) mainly used 049

specialized graph encoders based on graph neural 050

networks (GNNs) to capture structural information 051

in the given graph. In the era of the "pre-train and 052

fine-tune" paradigm, most graph-to-text generation 053

systems (Song et al., 2020; Wang et al., 2021b; Li 054

et al., 2021; Cheng et al., 2022; Bai et al., 2022) 055

utilized supervised data from downstream tasks 056

to fine-tune general pre-trained language models 057

(PLMs) through multi-task learning to alleviate 058

the loss of structured information when linearizing 059

graphs. However, these methods require a large 060

amount of supervised data for fine-tuning, and the 061

trained models have insufficient generalization for 062

unseen tasks. 063

Recently, large language models (LLMs) have 064

demonstrated remarkable in-context learning (ICL) 065

capabilities in various natural language processing 066

tasks, making it possible for graph-to-text genera- 067

tion that does not require further training. However, 068

LLMs are prone to producing hallucinations, result- 069

ing in inconsistent content between the generated 070

text and the original graph. Furthermore, existing 071

research (Yuan and Färber, 2023; Tan et al., 2024) 072

is limited to superficial testing of the effectiveness 073

of LLMs on KG data and still lacks exploration of 074

AMR data. 075

To address these challenges, we proposed the 076

Mobius-Cycle (MoC) framework, a non-training 077

inference-time scaling method for high-consistency 078

graph-to-text generation. Specifically, the LLM- 079

based Mobius-Cycle framework employs multi- 080

round reverse reconstruction of graphs to enhance 081

the consistency of graph-to-text generation. As 082

shown in Figure 1, in each round of the Mobius- 083

Cycle, the LLMs perform three steps in sequence: 084
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(1) reverse reconstruction; (2) consistency judge-085

ment; and (3) graph-to-text generation. The reverse086

reconstruction in the n-th round of Mobius-Cycle087

aims to re-extract the corresponding graph from the088

text generated by the LLMs in the previous round.089

The consistency judgement aims to determine the090

degree of consistency between the reconstructed091

graph and the original graph using LLMs. This step092

will provide feedback from LLMs, including over-093

all alignment, modification suggestions, and our094

newly defined consistency score (RRGScore). Dif-095

ferent from the conventional G2T task, we added096

the text generated in the previous round and feed-097

back into the input of the third step, thus achieving098

the accumulation of information between multiple099

rounds.100

Our contributions are summarized as follows:101

• To our knowledge, we are the first to compre-102

hensively explore the performance of various103

LLMs in the graph-to-text generation tasks on104

both KG and AMR data.105

• We propose the LLM-based Mobius-Cycle106

(MoC) framework, a non-training inference-107

time scaling method for high-consistency108

graph-to-text generation.109

• We define the new metric, RRGScore, for110

LLM-as-a-Judge to measure the consistency111

between the reverse reconstructed graph112

(RRG) and the original graph. We also de-113

fine a new metric, JCI (Judgement Confidence114

Index), to measure the confidence level of the115

LLMs during the consistency judgement.116

• We conduct extensive automatic evaluations117

and LLM-as-a-Judge evaluations on both KG118

and AMR datasets to assess the consistency119

of various LLMs. The experimental results120

indicate that our MoC framework can effec-121

tively improve the consistency of LLMs in122

graph-to-text generation tasks and has good123

interpretability.124

The rest of the paper is organized as follows: Sec-125

tion 2 reviews the related work. Section 3 presents126

the details of our MoC framework. Section 4 shows127

experimental results and the case study, followed128

by a conclusion in Section 5.129

2 Related Work 130

2.1 Graph-to-Text Generation 131

Graph-to-text generation (G2T) is a branch of data- 132

to-text generation (D2T) that aims to generate a tex- 133

tual output that can accurately and fluently describe 134

non-linguistic structured data (Lin et al., 2024). 135

Since the commonly used graph data mainly in- 136

cludes Knowledge Graph (KG) and Abstract Mean- 137

ing Representation (AMR), G2T can be further 138

subdivided into KG-to-text generation (KG2T) and 139

AMR-to-text generation (AMR2T). Early work 140

(Ribeiro et al., 2019; Zhao et al., 2020; Zhang 141

et al., 2020b; Guo et al., 2019; Ribeiro et al., 2020) 142

mainly used graph encoders based on graph neural 143

networks (GNNs) or variant recurrent neural net- 144

works (RNNs) to capture structural information in 145

graph data. In the era of the "pre-train and fine- 146

tune" paradigm, most graph-to-text generation sys- 147

tems utilize training data from downstream tasks 148

to pre-train language models from scratch (Chen 149

et al., 2020; Bai et al., 2022) or fine-tune general 150

pre-trained language models (PLMs, such as GPT- 151

2 (Radford et al., 2019), BART (Lewis et al., 2020), 152

and T5 (Raffel et al., 2020)) by introducing new 153

training parameters (Ribeiro et al., 2021b; Wang 154

et al., 2021a; Li et al., 2022) or optimization objec- 155

tives (Guo et al., 2020; Cheng et al., 2022; Wang 156

et al., 2023; Li et al., 2021) to capture structural 157

information and thus enhance the model’s under- 158

standing of graph data. After entering the large 159

language models (LLMs) era, recent research (Guo 160

et al., 2023; Tang et al., 2024; Ye et al., 2024; 161

Wang et al., 2024; Tan et al., 2024) has begun to ex- 162

plore improving the performance on graph-related 163

downstream tasks by constructing graph-oriented 164

instruction data to perform supervised fine-tuning 165

on general LLMs. Different from the above studies, 166

we mainly focus on improving the consistency of 167

LLMs in graph-to-text generation tasks in a non- 168

training manner. 169

2.2 Reverse Engineering 170

Recently, reverse engineering has aroused great 171

interest in the research community of large lan- 172

guage models. Most researchers (Kazemi et al., 173

2023; Xue et al., 2023; Weng et al., 2023; Chen 174

et al., 2024; Xi et al., 2024; Jiang et al., 2024; 175

Deng et al., 2024; Yuan et al., 2024; Zheng et al., 176

2024) introduce reverse engineering into the think- 177

ing process of large language models to improve 178

reasoning ability, such as logical reasoning, com- 179
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GPT-4.1 Deepseek Qwen2.5

Consistency Judgement

Original Graph

Reconstructed Graph in R-n

Initial Generated Text in R-0

Hip hop music originated 

from Disco and Funk and is a 

precursor to Drum and bass. 

Allen Forrest, born in Fort 

Campbell, is a musician 

whose genre is Hip hop music.

Final Generated Text in R-n

Hip hop music originated 

from Disco and Funk and is a 

derivative of Drum and bass. 

Allen Forrest, born in Fort 

Campbell, is a musician 

whose genre is Hip hop music.

Ground Truth

Drum and bass derives its 

sounds from hip hop music 

which has its origins in both 

Funk and Disco. Hip hop music 

is the musical genre of Allen 

Forrest, who was born in Fort 

Campbell.

Not Equivalent

Equivalent

**Overall Alignment from Consistency Judgement **:

The generated graph is mostly aligned with the original graph, with the exception of the 

relationship between Hip hop music and Drum and bass. 

The use of \"precursor to\" in the generated graph is inconsistent with the \"derivative\" 

relationship in the original graph.

**Semantic Equivalence from Consistency Judgement **: The graphs are not fully 

semantically equivalent due to the inconsistency in the relationship between Hip hop 

music and Drum and bass

**Modification Suggestions from Consistency Judgement **:

To ensure full alignment and semantic equivalence, the generated graph should be 

modified as follows: 

1. Replace `<H> Hip hop music <R> precursor to <T> Drum and bass` with: 

`<H> Hip hop music <R> derivative <T> Drum and bass` (to match the original graph) 

or `<H> Drum and bass <R> influenced by <T> Hip hop music` (to maintain logical 

consistency). After this modification, the generated graph will be fully aligned with the 

original graph in terms of factual and logical consistency.

…

Figure 1: Overview of our Mobius-Cycle (MoC) framework. R-n denotes the n-th Round Mobius-Cycle. In R-0,
only one graph-to-text generation is performed, and the output result is the initial generated text, represented as X0.
In R-n, the LLMs perform three steps in sequence: (1) Reverse Reconstruction; (2) Consistency Judgement; (3)
Graph-to-Text Generation. The final generated text is represented as Xn.

monsense reasoning, and mathematical verifica-180

tion. Early graph-to-text generation methods (Song181

et al., 2020; Wang et al., 2021b; Li et al., 2021;182

Cheng et al., 2022; Bai et al., 2022) were also in-183

spired by reverse engineering, which reconstructed184

input graphs through multi-task learning to alle-185

viate the loss of structured information when lin-186

earizing graphs. Du et al. (2024) also proposed the187

bi-directional multi-granularity generation frame-188

work that jointly optimizes bidirectional objectives189

on Flan-T5 (Chung et al., 2024) for the KG-to-text190

generation. However, existing research has not yet191

explored the performance of large language models192

in AMR-to-text generation tasks. Therefore, we193

mainly explore a LLM-based graph-to-text genera-194

tion framework that employs reverse reconstruction195

but does not require training, and comprehensively196

evaluate it on both KG and AMR.197

3 Methodology198

In this section, we present our proposed Mobius-199

Cycle (MoC) framework (as shown in Figure 1), a200

non-training LLMs-based graph-to-text generation201

approach that utilizes multi-round reverse recon-202

struction of graphs to enhance consistency. In each203

round, the LLMs perform three steps in sequence.204

3.1 Step 1: Reverse Reconstruction 205

The reverse reconstruction in the n-th round of 206

Mobius-Cycle aims to re-extract the correspond- 207

ing graph Gn = [gn1 , ..., g
n
k ] from the text Xn−1 = 208

[xn−1
1 , ..., xn−1

m ] generated by the LLMs in the pre- 209

vious round, as shown in the Equ(2): 210

P (Gn|Xn−1) =

k∏
t=1

P (gnt |Xn−1, Gn
<t) (1) 211

where X0 denotes the initial generated text. Taking 212

KG as an example, the prompt template used for 213

its corresponding reverse reconstruction is shown 214

in Figure 4. 215

3.2 Step 2: Consistency Judgement 216

As shown in Figure 1 and Figure 5, consistency 217

judgement in the n-th round of Mobius-Cycle aims 218

to determine the degree of consistency between 219

the reconstructed graph Gn = [gn1 , ..., g
n
k ] and the 220

original graph G0 = [g01, ..., g
0
k] using LLMs and 221

provide feedback Fn including overall alignment, 222

modification suggestions, and the consistency score 223

(RRGScore, see Section 4.2 ). We have also added 224

an Early Exit Mechanism: when the consistency 225

score (RRGScore) of the reconstructed graph Gn 226

reaches the set consistency threshold σ, the Mobius- 227

Cycle can end prematurely. 228
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3.3 Step 3: Graph-to-Text Generation229

In this step, we first define the differences from230

conventional graph-to-text generation tasks. In ad-231

dition to the original graph G0 = [g01, ..., g
0
k], we232

also added the text Xn−1 = [xn−1
1 , ..., xn−1

m ] gen-233

erated in the previous round and feedback Fn on234

the consistency judgment in the input, thus achiev-235

ing the accumulation of information (Inacc) between236

multiple rounds. The target in this step is to gener-237

ate the new text Xn = [xn1 , ..., x
n
j ], which can be238

formulated as follows:239

P (Xn|G0, Inacc) = P (Xn|G0, Xn−1, Fn)

=

j∏
t=1

P (xnt |G0, Xn−1, Fn, Xn
<t)

(2)240

where n belongs to the set of positive integers. Due241

to limited page space, the more detailed prompts242

used in the Mobius-Cycle framework are shown in243

Appendix A.244

4 Experiments and Analysis245

In this section, we describe our experimental setup246

and report the evaluation results. Through compar-247

ative analysis with other baselines, we demonstrate248

the efficacy of our Mobius-Cycle framework on var-249

ious LLMs and graph-to-text generation datasets.250

4.1 Datasets251

In order to conduct a more comprehensive study,252

we selected typical datasets for both KG and AMR253

for experimentation.254

(1) KG-to-Text Generation255

WebNLG (Gardent et al., 2017) is a frequently256

used benchmark dataset in the KG-to-text gener-257

ation task. Each instance of WebNLG contains258

a KG from DBPedia and target text with one or259

more sentences describing the graph. Following260

previous work (Ribeiro et al., 2021a), we prepend261

<H>, <R>, and <T> tokens before the head en-262

tity, the relation, and the tail entity of a triple. We263

conducted experiments on a test set containing a264

total of 1,862 samples (971 seen and 891 unseen).265

(2) AMR-to-Text Generation266

The datasets we used in the AMR-to-text gen-267

eration are AMR 2.0 (LDC2017T101) and AMR268

3.0 (LDC2020T022) corpora releases. In an AMR269

graph, nodes represent concepts, and edges repre-270

sent semantic relations. AMR 3.0 is a more com-271

prehensive version of AMR 2.0 that includes more272

1https://catalog.ldc.upenn.edu/LDC2017T10
2https://catalog.ldc.upenn.edu/LDC2020T02

AMR-text data to cover wider situations. There 273

are 55,635 AMR-text pairs in AMR 3.0 and 36,521 274

pairs in AMR 2.0. Following Mager et al. (2020), 275

we linearize the AMR graphs using the PENMAN 276

notation. The test sets for AMR 2.0 and AMR 3.0 277

contain 1,371 and 1,898 samples, respectively. 278

4.2 Evaluation Metrics 279

In this work, we not only used traditional auto- 280

matic evaluation metrics but also introduced the 281

LLM-as-a-Judge in our framework to measure the 282

consistency between the original graph and the re- 283

verse reconstructed graph (both KG and AMR). 284

(1) Automatic Evaluation Metrics 285

We evaluate the generated description text from 286

the following two aspects: (a) we first assessed the 287

informativeness of the generated texts using ME- 288

TEOR (Lavie and Agarwal, 2007) and ROUGE-L 289

(Lin, 2004), which measure lexical similarity by 290

calculating the overlap of n-gram at the word level 291

between the generated texts and the ground-truth 292

descriptions; (b) we also computed the contextual 293

embedding-based metric BERTScore (Zhang et al., 294

2020a) to evaluate the semantic similarity between 295

the generated texts and the golden descriptions. 296

(2) LLM-as-a-Judge 297

We also evaluate the reverse reconstructed graph 298

(RRG) using the powerful LLMs. Therefore, we 299

propose a new LLM-based metric RRGScore to 300

comprehensively measure the factual consistency 301

score FCS and logical consistency score LCS 302

between the reconstructed and original graphs, as 303

shown in the Equ(3): 304

RRGScore = ⌈α · FCS + (1− α) · LCS⌉ (3) 305

where α is a hyperparameter set to 0.6. Further de- 306

tails on the scoring rubrics for Consistency Judge- 307

ment using LLMs can be found in Appendix B. 308

To enhance the reliability of the LLM-as-a-Judge, 309

we recruited domain experts to perform human 310

validation and computed the Pearson correlation 311

coefficient between human scores and RRGScore. 312

We added human validation results to Appendix C. 313

We also defined a new metric JCI (Judgement 314

Confidence Index) to measure the confidence level 315

of the LLMs during the consistency judgment pro- 316

cess, as shown in the Equ(4): 317

JCI =
AV GR−Top

AV GR−Final
(4) 318

where AV GR denotes the average rounds. 319
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Method WebNLG AMR 2.0 AMR 3.0
MTE ROG BERTScore MTE ROG BERTScore MTE ROG BERTScore

Baseline methods
Fully Fine-tuned T5-large 44.18 68.24 - 43.85 - - - - -
Fully Fine-tuned BART-large 42.23 65.61 - 42.88 - - - - -
BiBL (BART-large) - - - 43.20 - - 43.40 - -
text-davinci-003 26.95 45.64 - - - - - - -
gpt-3.5-turbo-0301 23.89 35.87 - - - - - - -
MuseGraph (♣ LLaMA-V1-7B) 43.86 69.73 - - - - - - -

Powerful LLMs-based methods under few-shot setting
Qwen2.5-7B-Instruct 52.87 55.14 93.86 08.37 07.68 58.13 10.02 07.50 64.31
Qwen2.5-7B-Instruct w/ MoC-R@6 53.54 55.57 93.90 14.55 07.96 72.07 14.35 07.74 71.48
Qwen2.5-72B-Instruct 53.72 55.28 93.72 43.20 48.96 91.27 42.24 50.37 91.39
Qwen2.5-72B-Instruct w/ MoC-R@6 55.30 55.69 93.88 45.72 51.05 91.70 43.54 50.90 91.43
LLaMA-3.1-8B-Instruct 45.95 50.25 92.45 25.12 35.02 88.11 23.50 31.81 87.79
LLaMA-3.1-8B-Instruct w/ MoC-R@6 51.99 51.07 92.86 29.69 38.00 88.63 33.42 39.63 88.23
LLaMA-3.1-70B-Instruct 34.53 42.83 90.14 37.10 40.73 90.37 36.45 40.94 90.42
LLaMA-3.1-70B-Instruct w/ MoC-R@6 51.77 53.23 93.32 41.56 45.12 90.70 39.74 45.03 90.47
GPT-4.1 mini 54.78 55.57 93.79 26.81 43.53 88.75 37.62 44.80 87.67
GPT-4.1 mini w/ MoC-R@6 56.34 56.58 94.06 32.44 44.35 89.94 40.50 47.65 88.47
DeepSeek-V3 53.10 55.29 93.59 30.02 48.50 89.70 37.08 51.69 90.33
DeepSeek-V3 w/ MoC-R@6 56.70 56.89 94.07 32.53 50.47 90.23 38.03 52.51 90.81

Table 1: Performance comparisons of the automatic evaluation on the WebNLG and two AMR2Text datasets in the
3-shot setting. MTE: METEOR. ROG: ROUGE-L. MoC-R@n denotes the n rounds Mobius-Cycle. ♣ denotes
the instruction-tuned model. Bold and underline represent the best result and the second-best result under the
MoC-R@n setting.

4.3 Baselines320

In these experiments, we mainly take into account321

the following strong baseline methods based on322

PLMs and LLMs, respectively:323

(1) PLMs-based Methods324

We have chosen two mainstream pre-trained lan-325

guage models (PLMs) as baselines for the graph-326

to-text generation tasks:327

• T5: a text-to-text transfer transformer model328

(Raffel et al., 2020). We directly presented329

the results of fully fine-tuned T5-large from330

previous work (Ribeiro et al., 2021a).331

• BART: a denoising autoencoder (Lewis et al.,332

2020) for pre-training sequence-to-sequence333

models with transformers. We directly pre-334

sented the results of fully fine-tuned BART-335

large from previous work (Ribeiro et al.,336

2021a). In addition, we also add a strong337

baseline BiBL (Cheng et al., 2022) based on338

BART on the AMR datasets, which uses data-339

efficient bidirectional Bayesian learning.340

(2) Large Language Models (LLMs)341

Yuan and Färber (2023) explored the capability342

of ChatGPT (text-davinci-003 and gpt-3.5-turbo-343

0301) to generate descriptive text from KG data in344

a zero-shot setting. MuseGraph (Tan et al., 2024)345

employed a graph-aware instruction tuning on the346

LLaMA-V1-7B (Touvron et al., 2023) model for 347

the KG-to-text generation. However, there is still 348

a lack of research exploring the effectiveness of 349

LLMs on AMR data. In this paper, we also add a 350

baseline method (ICL) that directly uses the follow- 351

ing LLMs to accomplish the graph-to-text genera- 352

tion (both KG and AMR) in a few-shot setting. 353

The family of Qwen2.5 (Yang et al., 2024) 354

models. We chose the following advanced mod- 355

els for extensive experimentation: Qwen2.5-7B- 356

Instruct, Qwen2.5-72B-Instruct. 357

The family of LLaMA-3.1 models3. LLaMA- 358

3.1 is competitive with leading foundation models 359

across a range of tasks. We choose the following 360

advanced models for experimentation: LLaMA- 361

3.1-8B-Instruct and LLaMA-3.1-70B-Instruct. 362

Deepseek-V3 (Liu et al., 2024). It is a strong 363

Mixture-of-Experts (MoE) language model with 364

671B total parameters, of which 37B are activated 365

for each token. It is pre-trained on 14.8 trillion 366

diverse and high-quality tokens, followed by SFT 367

and RL stages to harness its capabilities fully. 368

GPT-4.1 mini (Achiam et al., 2023) is a signifi- 369

cant leap in small model performance, even beating 370

GPT-4o in many benchmarks. It matches or ex- 371

ceeds GPT-4o in intelligence evals while reducing 372

latency by nearly half and reducing cost by 83%. 373

3https://ai.meta.com/blog/meta-llama-3-1/
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LLMs with MoC-R@6 Initial Text Final Text Top Text
FCS LCS RRGScore FCS LCS RRGScore AV GR FCS LCS RRGScore AV GR (JCI)

WebNLG dataset
Qwen2.5-7B-Instruct 7.71 7.68 7.70 8.74 8.93 8.82 2.66 9.04 9.34 9.16 2.15(0.81)

Qwen2.5-72B-Instruct 8.58 9.01 8.75 9.17 9.55 9.32 1.52 9.21 9.06 9.37 1.39(0.91)

LLaMA-3.1-8B-Instruct 6.40 5.48 6.03 7.39 6.84 7.17 4.03 8.29 7.92 8.14 2.78(0.69)

LLaMA-3.1-70B-Instruct 5.42 5.37 5.40 8.11 8.24 8.16 1.84 8.31 8.46 8.37 1.74(0.95)

DeepSeek-V3 8.33 8.45 8.38 9.20 9.40 9.28 1.48 9.30 9.52 9.39 1.43(0.97)

GPT-4.1 mini 8.68 8.83 8.74 9.31 9.48 9.38 1.44 9.39 9.55 9.45 1.35(0.94)

AMR 2.0 dataset
Qwen2.5-7B-Instruct 3.70 3.50 3.62 7.30 7.40 7.34 2.60 9.00 9.40 9.16 1.80(0.69)

Qwen2.5-72B-Instruct 8.00 7.80 7.91 9.00 8.90 8.95 2.60 9.20 8.90 9.08 2.20(0.85)

LLaMA-3.1-8B-Instruct 7.30 6.80 7.10 8.70 8.50 8.62 4.10 9.10 9.10 9.10 1.90(0.46)

LLaMA-3.1-70B-Instruct 8.10 8.10 8.10 8.30 8.50 8.38 3.30 8.60 8.60 8.60 1.00(0.30)

DeepSeek-V3 7.10 6.40 6.82 8.20 7.90 8.08 4.10 8.60 8.50 8.55 2.00(0.49)

GPT-4.1 mini 6.90 6.30 6.65 8.30 8.40 8.34 3.40 8.60 8.70 8.63 1.60(0.47)

AMR 3.0 dataset
Qwen2.5-7B-Instruct 5.50 5.70 5.58 7.50 7.50 7.50 3.70 9.10 8.90 9.02 2.10(0.57)

Qwen2.5-72B-Instruct 7.40 7.30 7.36 8.20 8.10 8.16 3.00 8.40 8.50 8.44 2.10(0.70)

LLaMA-3.1-8B-Instruct 8.70 8.70 8.70 9.20 9.40 9.28 5.20 9.20 9.40 9.28 2.40(0.46)

LLaMA-3.1-70B-Instruct 7.40 6.60 7.08 8.20 8.30 8.24 5.90 8.50 8.30 8.42 2.90(0.49)

DeepSeek-V3 6.70 6.00 6.42 7.20 6.60 6.95 4.90 8.40 8.30 8.35 3.00(0.61)

GPT-4.1 mini 7.50 6.90 7.26 8.00 8.20 8.08 4.20 8.60 8.70 8.64 2.60(0.62)

Table 2: Performance comparisons of the LLM-as-a-Judge evaluation in the 3-shot setting. AV GR denotes the
average rounds. Bold indicates the best, and underline indicates the second best.

4.4 Implementation Details374

Our experiments are conducted on a workstation375

running Ubuntu 20.04.6 LTS, with two Intel (R)376

Xeon (R) Platinum 8336C CPUs, four NVIDIA377

A800 GPUs, and 1.0TiB of memory. For mod-378

els with parameters exceeding 70B, we choose to379

deploy the quantized version locally. For LLaMA-380

3.1-70B-Instruct, we directly use the Meta-Llama-381

3.1-70B-Instruct-AWQ-INT4 model. For Qwen2.5-382

72B-Instruct, we directly use the Qwen2.5-72B-383

Instruct-AWQ model. For DeepSeek-V3, we di-384

rectly use the DeepSeek-V3 Chat model. We385

use the same hyperparameters for all LLMs:386

max_new_tokens=1024, top-k=1, and top-p=0.95.387

To minimize the impact of randomness, we use a388

temperature of 0.001 without any frequency penalty389

for the reverse reconstruction and the graph-to-text390

generation. As for the consistency judgement, we391

set the temperature to 0.9 to make the feedback392

provided by the LLMs more creative and diverse.393

We use the default settings for other parameters.394

4.5 Main Results and Analysis395

Table 1 and Table 2 present the automatic evalu-396

ation results between Mobius-Cycle (MoC) and397

other baselines and the LLM-as-a-Judge evalua-398

tion results on the WebNLG and two AMR2Text399

datasets, respectively.400

As shown in Table 1, all LLMs under the MoC-401

R@6 setting achieved comparable performance402

to fully fine-tuned pre-trained language models 403

(T5-large and BART-large) and MuseGraph on the 404

WebNLG dataset. After introducing the proposed 405

MoC framework, the performance of all six tested 406

models improved, with the greatest improvement 407

observed for LLaMA-3.1-70B-Instruct. DeepSeek- 408

V3 achieved the best performance on the WebNLG 409

dataset among all tested LLMs. However, on the 410

two datasets of the AMR-to-text generation task, 411

the initial performance of the LLMs was poor, es- 412

pecially for models with parameter sizes less than 413

10B. Obviously, the difficulty of the AMR 2.0 and 414

AMR 3.0 datasets is significantly higher than that 415

of the WebNLG dataset. After introducing our 416

MoC framework, the performance improvement 417

of the LLMs became even more significant on the 418

AMR 2.0 and AMR 3.0 datasets, especially for 419

Qwen2.5-7B-Instruct and LLaMA-3.1-8B-Instruct. 420

As shown in Table 2, more powerful models 421

(GPT-4.1 mini, DeepSeek-V3, and Qwen2.5-72B- 422

Instruct) tend to be more confident on the WebNLG 423

dataset, with a higher JCI (over 0.90) and a higher 424

RRGScore (over 9.00). In KG-to-text generation, 425

GPT-4.1 mini and DeepSeeker-V3 (with MoC- 426

R@6) achieved the top-two performance in both 427

automatic evaluation and LLM-as-a-Judge eval- 428

uation. However, the performance of these two 429

models in AMR-to-text generation is weaker than 430

that of the Qwen2.5 and LLaMA-3.1 series models. 431

Moreover, the Qwen2.5 series models are always 432
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Method METEOR ROUGE BERTScore
WebNLG dataset

♡ LLaMA-3.1-8B-Instruct 49.39 46.71 90.56
- with 1-shot MoC-R@6 50.94 49.74 91.34
- wtih 2-shot MoC-R@6 51.69 50.45 91.78
- with 3-shot MoC-R@6 51.99 51.07 92.86
- with 4-shot MoC-R@6 51.74 50.97 91.96

AMR 2.0 dataset
♡ LLaMA-3.1-8B-Instruct 26.25 35.40 88.23
- with 1-shot MoC-R@6 23.96 28.12 87.59
- with 2-shot MoC-R@6 24.44 31.31 88.06
- with 3-shot MoC-R@6 29.69 38.00 88.63
- with 4-shot MoC-R@6 24.67 37.48 89.95

AMR 3.0 dataset
♡ LLaMA-3.1-8B-Instruct 29.64 32.54 87.05
- with 1-shot MoC-R@6 36.53 38.21 87.80
- with 2-shot MoC-R@6 30.32 39.15 87.57
- with 3-shot MoC-R@6 33.42 39.63 88.23
- with 4-shot MoC-R@6 32.03 36.23 87.87

Table 3: The ablation experimental results about the
number of demonstrations on LLaMA-3.1-8B-Instruct
model. ♡ denotes zero-shot MoC-R@6. Bold indicates
the best, and underline indicates the second best.

more confident than the LLaMA-3.1 series models,433

with higher JCI and lower AV GR. On the AMR434

2.0 dataset, Qwen2.5-72B-Instruct with MoC-R@6435

performs the best, with the highest RRGScore and436

the lowest AV GR for final generated text, while437

also having the highest JCI. The average rounds438

required for the LLMs in the Mobius-Cycle to439

achieve the top RRGScore and exit early on the440

AMR 3.0 dataset is higher than that on the AMR441

2.0 dataset, indicating that the AMR 3.0 dataset is442

more challenging. Surprisingly, the RRGScore of443

LLaMA-3.1-8B-Instruct (both in the final text and444

top text) on the AMR 3.0 dataset exceeded that of445

Qwen2.5-72B-Instruct. The experiment shows that446

our Mobius-Cycle method can effectively improve447

the consistency of LLMs (whether exceeding 70B448

or less than 10B) in graph-to-text generation tasks.449

4.6 Ablation Study450

We further explore the factors that affect the perfor-451

mance of the LLMs under the MoC-R@n setting452

through the following two aspects:453

(1) Different number of demonstrations.454

To investigate the impact of the number of455

demonstration examples on the LLMs under the456

MoC-R@6 setting, we tested the performance of457

the LLaMA-3.1-8B-Instruct from 0-shot to 4-shot458

on three datasets. As shown in Table 3, 3-shot459

is the optimal choice (either first or second) for460

comprehensive performance on these graph-to-text461

generation datasets under the MoC-R@6 setting.462

Continuing to increase the number of demonstra-463

Threshold METEOR ROUGE BERTScore AV GR

LLaMA-3.1-8B-Instruct on the WebNLG dataset
σ=7.00 51.51 50.87 93.95 2.69
σ=7.50 51.89 50.75 92.98 3.04
σ=8.00 51.97 51.11 92.86 4.03
σ=8.50 51.69 50.31 92.85 3.69
σ=9.00 51.59 49.81 92.10 4.06

Qwen2.5-7B-Instruct on the WebNLG dataset
σ=7.00 53.53 55.47 93.95 1.55
σ=7.50 53.58 55.45 93.95 1.82
σ=8.00 53.54 55.14 93.90 2.66
σ=8.50 53.52 55.15 93.91 2.43
σ=9.00 53.60 55.11 93.90 2.63

Table 4: The ablation experimental results about the
consistency threshold on LLaMA-3.1-8B-Instruct and
Qwen2.5-7B-Instruct model in the 3-shot MoC-R@5
setting. AV GR denotes the average rounds. Bold indi-
cates the best, and underline indicates the second best.

tion examples in the context leads to a decline in 464

the performance of the large language models. 465

(2) Consistency threshold σ 466

To explore the impact of different consistency 467

thresholds (7.00∼9.00) on the LLMs under the 468

MoC-R@n setting, we tested the performance of 469

two LLMs (LLaMA-3.1-8B-Instruct and Qwen2.5- 470

7B-Instruct) in the 3-shot MoC-R@5 setting on the 471

WebNLG dataset. We can see from Table 4 that for 472

large language models with parameter sizes below 473

10B, the consistency threshold should be set to a 474

value below 8 points (on a 10-point scale). Even on 475

the WebNLG dataset with lower difficulty, setting 476

the threshold too high will waste computational 477

resources (requiring more rounds) and fail to im- 478

prove the performance of large language models. 479

For different downstream tasks, we need to explore 480

based on the difficulty level of the task and the pa- 481

rameter size of the model before setting the optimal 482

consistency threshold under the MoC-R@n setting. 483

4.7 Case Study and Error Analysis 484

To observe the trend of consistency changes in 485

the Mobius-Cycle process more intuitively, we se- 486

lected two representative LLMs (DeepSeek-V3 and 487

LLaMA-3.1-8B-Instruct) that performed well in 488

the above experiment for visualization purposes. 489

For the KG-to-text generation, we observe the trend 490

of consistency changes from round 0 to round 2 491

on the WebNLG dataset. For the AMR-to-text 492

generation, we chose the more challenging AMR 493

3.0 dataset to observe the trend of consistency 494

changes from round 0 to round 4. For each combi- 495

nation, we randomly select 10 cases and record 496

the consistency at two levels: semantic consis- 497
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Figure 2: Performance visualization of DeepSeek-V3 (left) and LLaMA-3.1-8B-Instruct (right) on the WebNLG
(top) and AMR 3.0 (bottom) datasets under the Mobius-Cycle settings. Each combination contains semantic
consistency and RRGScore.

tency (represented by the mean of three automatic498

evaluation metrics) and graph consistency (i.e.,499

RRGScore). As shown in the Figure 2, during500

the Mobius-Cycle process, both models showed a501

significant improvement in consistency, especially502

in terms of graph consistency. On the WebNLG503

dataset, 6 cases in DeepSeek-V3 achieved a per-504

fect RRGScore, while LLaMA-3.1-8B-Instruct im-505

proved from only 3 cases, reaching a RRGScore506

of 6, to over 7 cases, reaching a RRGScore of507

8. On the AMR 3.0 dataset, DeepSeek-V3 and508

LLaMA-3.1-8B-Instruct both reached the consis-509

tency threshold requirement of RRGScore (9.00) in510

round 4. The semantic consistency of most samples511

also improved during the Mobius-Cycle process.512

However, there are still a few cases where513

graph consistency improves while semantic514

consistency decreases. After comparing the515

generated texts and graphs, we found that the516

low semantic consistency is mainly due to the517

semantic deviation between the reference text518

given in the dataset and the original graph. Taking519

the 256th sample in the WebNLG dataset as an520

example, its corresponding reference text is "Ayam521

penyet is from Indonesia and is a popular dish in522

Malaysia", but the original graph is "<H>Ayam523

penyet<R>region<T>Malaysia<H>Ayam524

penyet<R>country<T>Indonesia" which does not525

contain semantic information about "popular dish".526

For this case, even though the graph consistency527

of DeepSeek-V3 reached 10 points in round 2 of528

Mobius-Cycle, the semantic consistency was only 529

49.99, lower than the initial 58.91. It indicates 530

that Mobius-Cycle can effectively improve graph 531

consistency, but cannot compensate for semantic 532

biases present in the original dataset. 533

5 Conclusion 534

In this paper, we are the first to comprehensively 535

explore the performance of various LLMs in the 536

graph-to-text generation tasks on both KG and 537

AMR data. We propose the Mobius-Cycle (MoC) 538

framework, a non-training inference-time scaling 539

method for high-consistency graph-to-text gen- 540

eration. The LLM-based Mobius-Cycle frame- 541

work utilizes multi-round reverse reconstruction 542

of graphs to enhance consistency. In each round, 543

the LLMs perform three steps in sequence: re- 544

verse reconstruction, consistency judgement, and 545

graph-to-text generation. We define the new met- 546

ric, RRGScore, for LLM-as-a-Judge to measure 547

the consistency between the reverse reconstructed 548

graph (RRG) and the original graph. We also define 549

a new metric, JCI (Judgement Confidence Index), 550

to measure the confidence level of the LLMs during 551

the consistency judgement process. We conduct ex- 552

tensive automatic evaluations and LLM-as-a-Judge 553

evaluations on both KG and AMR datasets to assess 554

the consistency of various LLMs. The experimen- 555

tal results indicate that our MoC framework can 556

effectively improve the consistency of LLMs in 557

graph-to-text generation tasks. 558
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Limitations559

Our approach has these limitations: (1) Multi-560

round reverse reconstruction introduces computa-561

tional overhead. The trade-off between cost and562

performance requires adjusting the corresponding563

consistency threshold based on the actual scenario.564

(2) For the hyperparameter α of RRGScore, we565

found that 0.6 is better than 0.5. This enables the566

model to enhance logical consistency while ensur-567

ing factual consistency. However, a more granular568

analysis of this parameter can be further explored.569
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A The prompt formats of Mobius-Cycle 830

To provide readers with a more intuitive and clear 831

understanding of how our proposed Mobius-Cycle 832

framework is implemented, we offer the detailed 833

prompt formats used for each step. 834

For the KG-to-Text Generation, the prompt for- 835

mats we used are shown in Figure 3 to 6. 836

For the AMR-to-Text Generation, the prompt 837

formats we used are shown in Figures 7 to 10. 838

Figure 3: The prompt of initial Graph-to-Text Genera-
tion in round-0 for KG data.

Figure 4: The prompt of reverse reconstruction in round-
n for KG data.

B Scoring Rubrics for LLM-as-a-Judge 839

The scoring rubrics for Consistency Judgement 840

(factual consistency score and logical consistency 841

score) using LLMs are shown in the Table 7. 842

C Human Validation of LLM-as-a-Judge 843

To enhance the reliability of the LLM-as-a-Judge, 844

we recruited domain experts to perform human 845

validation (consistency scoring on 50 randomly se- 846

lected samples) and computed the Pearson cor- 847

relation coefficient between human scores and 848

RRGScore. The results of human validation are 849

shown in Table 5. 850

11

https://doi.org/10.18653/v1/2020.emnlp-main.169
https://doi.org/10.18653/v1/2020.emnlp-main.169
https://doi.org/10.18653/v1/2020.emnlp-main.169
https://doi.org/10.18653/v1/2020.acl-main.67
https://doi.org/10.18653/v1/2020.acl-main.67
https://doi.org/10.18653/v1/2020.acl-main.67
https://doi.org/10.18653/v1/2020.acl-main.67
https://doi.org/10.18653/v1/2020.acl-main.67


Figure 5: The prompt of consistency judgement in
round-n for KG.

Figure 6: The prompt of Graph-to-Text Generation in
round-n for KG.

In the WebNLG dataset, all test samples have851

a |r| value greater than 0.8, indicating a strong852

linear correlation between RRGScore and human853

scores. In the AMR 3.0 dataset, 94% of the test854

samples had a |r| value greater than 0.5, indicat-855

ing a moderate to strong correlation between their856

corresponding scores. In summary, the human vali-857

dation results indicate the reliability of RRGScore858

in LLM-as-a-Judge.859

D Comparison with DeepSeek-R1860

To better demonstrate the generalization of our861

proposed method, we have conducted compara-862

tive experiments on DeepSeek-R1. The perfor-863

mance comparisons of the automatic evaluation864

ID r p-value ID r p-value
WebNLG AMR 3.0

1 1 0 1 -0.8893 0.110703
2 1 0 2 0.7156 0.284399
3 1 0 3 0.9313 0.068686
4 1 0 4 -0.5222 0.477767
5 1 0 5 0.5763 0.423738
6 0.9940 0.069511 6 -0.2060 0.793990
7 1 0 7 0.5726 0.427446
8 1 0 8 1 0
9 1 0 9 0.7625 0.237528

10 0.9959 0.057875 10 0.8660 0.333333
11 0.9972 0.047851 11 0.9847 0.015268
12 1 0 12 0.5466 0.453388
13 1 0 13 1 0
14 1 0 14 0.6140 0.386040
15 1 0 15 1 0
16 1 0 16 0.7385 0.261451
17 1 0 17 0.3333 0.666667
18 0.8660 0.333333 18 0.8697 0.130269
19 1 0 19 1 0
20 1 0 20 1 0
21 1 0 21 0.9872 0.012789
22 1 0 22 0.8814 0.118638
23 1 0 23 1 0
24 0.8757 0.124267 24 0.9986 0.033383
25 1 0 25 1 0
26 1 0 26 0.8838 0.116165
27 1 0 27 1 0
28 1 0 28 1 0
29 1 0 29 0.8412 0.158809
30 1 0 30 0.5281 0.471921
31 0.8691 0.329338 31 1 0
32 0.9406 0.220463 32 0.9488 0.051153
33 1 0 33 1 0
34 1 0 34 1 0
35 0.8736 0.126401 35 0.9906 0.009384
36 1 0 36 0.8273 0.172666
37 1 0 37 0.9916 0.008399
38 1 0 38 0.9507 0.049346
39 1 0 39 1 0
40 1 0 40 1 0
41 1 0 41 1 0
42 1 0 42 -0.3665 0.633492
43 1 0 43 1 0
44 1 0 44 0.9447 0.055315
45 1 0 45 0.9865 0.013518
46 1 0 46 0.9959 0.004119
47 1 0 47 0.9465 0.053469
48 1 0 48 0.9922 0.007830
49 0.9951 0.063163 49 0.9330 0.066965
50 1 0 50 0.9884 0.011601

Table 5: Pearson correlation coefficient on two datasets.
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Method WebNLG AMR 2.0 AMR 3.0
MTE ROG BERTScore MTE ROG BERTScore MTE ROG BERTScore

DeepSeek-R1 zero-shot ICL 51.76 54.05 93.44 31.46 42.59 88.91 36.89 40.31 86.83
DeepSeek-R1 w/ 3-shot ICL 51.16 55.23 93.51 39.66 50.56 90.46 36.33 41.96 88.07
DeepSeek-R1 w/ MoC-R@6 54.61 56.83 94.00 42.98 68.74 92.65 43.42 54.98 90.99

Table 6: Performance comparisons of the DeepSeek-R1. MTE: METEOR. ROG: ROUGE-L.

Score Factual Consistency: Whether the reconstructed graph accurately reflects the factual information in the original graph?
10 Perfect Consistency: The reconstructed graph retains all factual information from the original graph without any omissions or errors.
9 Near-Perfect Consistency: The reconstructed graph retains almost all factual information, with only minor and insignificant details missing or slightly incorrect.
8 High Consistency: The reconstructed graph retains most factual information, with a few minor details missing or slightly incorrect.
7 Good Consistency: The reconstructed graph retains the main factual information, but some important details are missing or incorrect.
6 Moderate Consistency: The reconstructed graph retains most of the main factual information, but several important details are missing or incorrect.
5 Partial Consistency: The reconstructed graph retains some main factual information, but many important details are missing or incorrect.
4 Low Consistency: The reconstructed graph retains only a small portion of the main factual information, with many important details missing or incorrect.
3 Very Low Consistency: The reconstructed graph retains very little factual information, with most important details missing or incorrect.
2 Minimal Consistency: The reconstructed graph retains almost no factual information, with only a few minor details correct.
1 Almost No Consistency: The reconstructed graph retains almost no factual information, with nearly all details missing or incorrect.
0 No Consistency: The reconstructed graph is completely inconsistent with the original graph, retaining no factual information.
Score Logical Consistency: Whether the reconstructed graph maintains the logical relationships and structure of the original graph?
10 Perfect Consistency: The reconstructed graph fully maintains all logical relationships and structure from the original graph, with no logical errors or contradictions.
9 Near-Perfect Consistency: The reconstructed graph almost fully maintains the logical relationships and structure, with only minor and insignificant logical inconsistencies.
8 High Consistency: The reconstructed graph maintains most logical relationships and structure, with a few minor logical inconsistencies.
7 Good Consistency: The reconstructed graph maintains the main logical relationships and structure, but some important logical inconsistencies exist.
6 Moderate Consistency: The reconstructed graph maintains most of the main logical relationships and structure, but several important logical inconsistencies exist.
5 Partial Consistency: The reconstructed graph maintains some main logical relationships and structure, but many important logical inconsistencies exist.
4 Low Consistency: The reconstructed graph maintains only a small portion of the main logical relationships and structure, with many important logical inconsistencies.
3 Very Low Consistency: The reconstructed graph maintains very little of the main logical relationships and structure, with most important logical inconsistencies.
2 Minimal Consistency: The reconstructed graph maintains almost no logical relationships and structure, with only a few minor logical relationships correct.
1 Almost No Consistency: The reconstructed graph maintains almost no logical relationships and structure, with nearly all logical relationships incorrect or missing.
0 No Consistency: The reconstructed graph is completely inconsistent with the original graph, retaining no logical relationships or structure.

Table 7: Scoring rubrics for Consistency Judgement using LLM.

on three datasets are shown in Table 6. It can be865

seen that DeepSeek-R1 has significantly improved866

on all metrics across the three datasets under the867

MoC-R@6 setting.868

E Overhead caused by multi-round MoC869

In order to make the paper clearer, we supplement870

specific resource overhead data on the Mobius-871

Cycle (MoC) framework, including core metrics872

such as inference time and peak GPU memory us-873

age. Under 3-round MoC settings, we measured874

peak GPU memory usage (68.05%), peak GPU875

utilization (82.00%), and peak CPU utilization876

(60.58%) on the WebNLG dataset. The total in-877

ference time for each round MoC is approximately878

4.9 times that of the initial graph-to-text generation.879

Figure 7: The prompt of initial Graph-to-Text Genera-
tion in round-0 for AMR.

Figure 8: The prompt of reverse reconstruction in round-
n for AMR.

Figure 9: The prompt of consistency judgement in
round-n for AMR.
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Figure 10: The prompt of Graph-to-Text Generation in
round-n for AMR.
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