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Abstract

This paper introduces our system for the Fifth Chinese Abstract Meaning Representation
(CAMR) Parsing Evaluation task at the 24th China National Conference on Computational
Linguistics (CCL 2025). Our framework formulates both CAMR parsing and document-level
coreference resolution as sequence-to-sequence generation tasks, employing large language
models (LLMs) to produce linearized CAMR sequences and coreference sequences. To mitigate
hallucinations in generated graphs, we design a multi-agent system comprising: (1) two detection
agents for automated error detection and hallucination identification; (2) a refinement agent that
corrects graph structures based on detected inconsistencies. Experimental results show that:
(1) recent LLMs, especially Qwen-3, achieve promising performance in CAMR parsing; (2)
the proposed multi-agent system can effectively identify and correct hallucinations of CAMR
predictions; and (3) sequence-to-sequence methods exhibit significant limitations in document-
level coreference resolution due to context length constraints.
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1 Introduction

Abstract Meaning Representation (AMR) abstracts words into concepts and represents semantic
relations between concepts as directed edges. By linking concepts through labeled directed relations,
AMR forms a single-rooted directed acyclic graph (DAG) to capture the full semantic structure of
a sentence (Banarescu et al., 2013). Chinese Abstract Meaning Representation (CAMR) extends
this paradigm to the Chinese language, incorporating characteristics of Chinese and adding concept
alignment, relation alignment, and more fine-grained semantic labels (Li et al., 2016; Li et al., 2019).
Due to its expressive semantic structure, AMR has been widely applied in downstream NLP tasks such
as dialogue systems (Bai et al., 2021) and machine translation (Li and Flanigan, 2022; Nguyen et al.,
2021), covering a variety of applications including text generation, text classification, and information
extraction (Mansouri, 2025).

CAMR and AMR parsing refer to the process of predicting an AMR graph from a sentence (Bai et
al., 2022b; Bai et al., 2022a). Current approaches mainly fall into three categories: (1) Transition-based
parsing, which applies a series of meticulously engineered transition actions to the dependency tree to
incrementally build AMR graphs (Wang et al., 2015); (2) Graph-based parsing, which directly predicts
nodes (concepts) and edges (relations) from input text, then combines them into a completed AMR
graph (Zhang et al., 2019); and (3) Seq2Seq-based parsing, which linearizes AMR graphs into sequences
using predefined rules and generates AMR sequences as target sequences, greatly simplifying the parsing
process (Bevilacqua et al., 2021; Huang et al., 2021).

Recently, Large Language Models (LLMs) have showncased promising capacities for solving complex
problems, due to their broad knowledge and outstanding performance across various tasks. In the field
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Figure 1: Workflow of sentence-level parsing task

of CAMR parsing, LLMs demonstrate strong capabilities in generating structured semantic graphs. For
example, based on the classification of clause types in Chinese sentences, Wu et al. (2024) fine-tuned
a large language model to develop a hybrid LoRA-based expert parsing framework for CAMR parsing;
by employing a depth-first traversal-based serialization method, Gao et al. (2023) fine-tuned Baichuan-
7B and obtained a robust CAMR parsing system, without relying on part-of-speech tags, dependency
syntax, or complex rules. However, our preliminary analysis reveals that LLMs frequently hallucinate
content inconsistent with source inputs, significantly compromising the faithfulness of generated graphs
and reducing overall performance.

To address this, we introduce a multi-agent collaboration framework which aims to automatically
identify and correct the halluciations of the graphs generated by LLMs in a post-processing way. Our
framework emploies two independent LLM-based agents for error and hallucination detection, and
another LLM-baesd agent to refine the predicted graph based on the feedback from two detection
agents. We finetune the open-sourced LLMs to perform CAMR parsing and document-level coreference
resolution, and employ GPT-4.1-mini as the backbone of the proposed agents. Experimental results
show that: (1) recent large language models, especially Qwen-3, achieve promsing performance (81.63
align-smatch) in CAMR parsing; (2) our multi-agent framework could effectively identify and correct
hallucinations in predicted CAMR graphs; and (3) sequence-to-sequence methods exhibit limitations
in document-level coreference resolution due to context length constraints. Our final system achieves
scores of 82.03 and 76.80 on the sentence-level CAMR parsing tasks TestA and TestB, respectively, and
for the document-level coreference resolution task, a labeled score of 18.20 and an unlabeled score of
61.15.

2 Methodology

CAMRP2025 task is divided into two subtasks: sentence-level CAMR parsing and document-level
coreference resolution. In the sentence-level parsing task (Task A), the train and validation sets provide
sentence-level CAMR graph representations, CAMR tuple representations, and dependency trees. The
test set provides the sentences to be parsed along with their dependency trees. The goal of Task A
is to parse the corresponding CAMR semantic graphs for the target sentences. In the document-level
coreference resolution task (Task B), the validation set provides the sentence-level CAMR graphs for
each sentence in a document, as well as all entity coreference chains of CAMRs within the document.
The test set provides the document text and the corresponding sentence-level CAMR graphs. The goal
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Figure 2: Linearized sentences and CAMRs of the document-level coreference resolution task

of Task B is to predict the entity coreference chains within the document. More specifically, based on
the CAMR representation, the task involves extracting coreference relations between concept nodes in
the CAMR graphs of individual sentences in the document.

This work adopts a sequence-to-sequence based CAMR parsing approach. For the sentence-level
parsing task (as showed in Figure 1), we convert the CAMR graphs into a linear sequence, concatenate
it with the tokenized input, and fine-tune LLMs in an autoregressive manner. Then we correct the
hallucinations and format errors of the predicted CAMR sequences for the test set using a multi-agent
system and post-process, and merge the CAMR graphs from multiple models using graph-ensemble
algorithm to produce the final output.

For the document-level coreference resolution task, we linearize and concatenate the tokenized
sentences, their corresponding CAMR graphs, and the coreference chains within each document from
the validation set to fine-tune the LLMs. After prediction, we post-process the output coreference chains
to restore their correct format.

2.1 CAMR Linearization

In CAMRP2023!, SUDA? adjusted the formats of function word alignment and concept coreference,
and removed parentheses used for function word alignment, aligning the CAMR graph format with
that of AMR graphs. In addition, the “name” concepts in named entities were removed, and the “:op”
relations contained within the “name” concepts were merged to align with the representation of named
entity tuples in the final submitted tuple file. This simplification reduced the complexity of CAMR
sequences and parsing. This work adopts the effective linearization method to generate single-line
CAMR sequences for training.

2.2 Document CAMR Linearization

In the document-level coreference resolution task, the goal is to extract entity coreference chains.
Considering that the function word alignment information in sentence-level CAMR graphs within a
document is not closely related to the task objective, we remove such alignment information during

"https://github.com/GoThereGit/Chinese- AMR/tree/main/CAMRP%202023
2https://github.com/EganGu/camr-seq2seq
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Figure 3: Linearized coreference chain of the document-level coreference resolution task

CAMR graph linearization to minimize context length. Concept coreference information, however,
is retained, as it contains a large number of coreference relations in the chains, such as “:zero()” and
“pro()”. An example of the linearized result is shown in Figure 2.

For the linearization of coreference chains, we align the format of coreference relations in the chains
with that of the relations in CAMR graphs, to simplify the extraction process for LLMs. In addition, since
only coreference relations, sentence IDs, coreferent token IDs, and the tokens themselves are needed, we
remove parentheses, annotations, and document order information from the coreference chains. An
example of the final linearized result is shown in Figure 3.

2.3 Sentence-level CAMR Parsing Based on Supervised Fine-tuning

This paper employs a supervised learning paradigm to train large language models with either LoRA
or full-parameter fine-tuning. We concatenate task prompt, tokenized text, and CAMR sequence for
autoregressive prediction. The instruction prompt is constructed as follows:

T AN A SOOI A SO U RS 1]: “Xx L& X207 X331 x4 5 x5_H T x6_1) Xx7_FTH x8_E
% x9_h&E x10_#& x11_77 x12_ 6% x13_3& x14_%53”

Let D denote the train set, I the task instruction prompt, z the tokenized text, and y the CAMR
sequence. We train the model by optimizing the following loss function:

L=— Y logP(y|Iaux), (1)
{I,z,y}eD

@ denotes the sequence concatenation operation. Including the document-level coreference resolution
task, we use a gradient descent-based method for parameter updates.

2.4 Document-level Coreference Resolution Based on Supervised Fine-tuning

Due to the long context in linearized document-level samples, we adopt a supervised learning approach
and apply LoRA fine-tuning to large language models to reduce GPU memory usage. We concatenate
task prompt, the tokenized text and CAMR sequences of each sentence in the document, as well as
the coreference chain sequence for autoregressive prediction. The instruction prompt is constructed as

follows:
HREAENREXRME A TS E BN, BREZEEFRMILEHEF5]. sentence#l CAMR#1 ...
sentence#N CAMR#N

Let D denote the validation set, I the task instruction prompt, z; the i-th tokenized sentence in the
document along with its CAMR sequence, and y the coreference chain sequence. We train the model by
optimizing the following loss function:

L== X logP(ylI®a&..ew), o
{1711:'--737717@/}61)
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2.5 Multi-Agent System for Hallucination Identification and Error Detection

Due to the complexity of CAMR structures, the CAMR sequences predicted by large language models
may contain format errors or even hallucinations. Format errors mainly include mismatched parentheses,
missing or incomplete concept node or relation information, etc. Hallucinations may involve concepts
that are irrelevant to the context, concepts whose meanings differ from the corresponding words in the
original sentence, or invalid concept variables referenced by coreference relations.

To address these issues and explore the collaborative capabilities of multi-agent systems in handling
complex CAMR structures, we design a multi-agent unsupervised system consisting of an agent for
error detection, an agent for hallucination identification, and an agent for correction (Figure 1). The
agent for error detection is responsible for checking the format error of predicted CAMR sequence and
providing possible suggestions for correction. The agent for hallucination identification is responsible
for checking the CAMR sequence for potential hallucinations by referring to the original sentence and
proposing modifications to alleviate hallucination issues. The agent for correction analyzes the issues
and suggestions provided by the other two agents and ultimately outputs a valid CAMR sequence. Then,
the sequence is fed back to the other two agents for reflection, repeating the process until no errors or
hallucinations remain.

2.5.1 Prompt Design for Agents

The prompts of the agent for error detection and the agent for hallucination identification are provided
in Appendix A. These two prompts share a similar structural framework, differing only in task
functionality and the provided examples. The prompts mainly include the following components:
task description, input format specification, CAMR sequence structure information, error checking list,
special notes, output format specification, and both positive(valid) and negative(invalid) examples.

The task description provides a comprehensive overview of the agent’s role and clearly defines the
input and output. The input and output format specifications enforce strict format to facilitate accurate
information extraction. A particularly important requirement is that if no errors are found in the
input CAMR sequence, the agent must explicitly indicate that the sequence is valid. CAMR structure
information enables the agent to accurately understand the meaning of each part(concept, relation,
etc.) in the CAMR sequence, thereby avoiding invalid error detections caused by misunderstanding the
correct format. The error checking list lists potential format issues, guiding the agent to conduct step-
by-step analysis through chain-of-thought reasoning. The special notes highlight easily overlooked or
misunderstood parts of the CAMR structure, helping to prevent “negative optimization” issues. Positive
and negative examples provide few-shot learning samples to help the agent better understand proper
CAMR format and analyze input CAMR sequence.

The prompt of the agent for correction is provided in Appendix B, includes the following: task
description, input format specification, CAMR structure information, special notes, output format
specification, and correction examples. The correction examples provide the agent with reference cases,
including the input tokenized sentence, the CAMR sequence to be modified, the ”[Detect]” issues
provided by the other two agents, the step-by-step correction process, and the final corrected CAMR
sequence. The other components are similar to those in the prompt of the agent for error detection.
Notably, to enhance collaboration between agents, the agent for correction is explicitly instructed to
critically reflect on the issues and suggestions provided by the other agents, avoiding blind acceptance
and improving correction accuracy.

2.5.2 1/Os for Agents

The input to the agent for error detection and the agent for hallucination identification includes the target
tokenized sentence and the CAMR sequence predicted by the LLMs. If the agents find some problems
in sequence, they will output the detected issues and revision suggestions; if not, they will output a
statement indicating the sequence is valid.

The input to the agent for correction includes the target tokenized sentence, the predicted CAMR
sequence, and the issues and suggestions from the other two agents. It outputs the corrected, valid
CAMR sequence.
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Total Instance Attribute Relation
Model
P R F1 F1 F1 F

LLaMA-3.1 7899 79.69 79.34 85.37 93.98 64.24
Glm-4 79.72  80.11 7991 85.38 94.34 65.32
Qwen-2.5 80.00 79.66 79.83 85.37 94.19 65.41
Qwen-3 81.93 8134 81.63 86.59 94.82 68.45
Ensemble 82.70 8137 82.03 87.25 95.10 68.83

Table 1: Align-smatch scores of different models on TestA

2.6 Post-processing

After correction by the multi-agent system, the CAMR sequences may still not fully conform to the
required specifications and thus require a post-processing step. The post-processing task is similar to
that of the multi-agent system but focuses primarily on adjusting structural issues in invalid formats,
such as mismatched brackets, missing concept node information, and other related problems.

2.7 Graph Ensemble

We adopt the graph ensemble algorithm (Hoang et al., 2021) to merge and enhance the predictions
from multiple models, resulting in the final CAMR graph. The graph ensemble algorithm is a heuristic
approach designed for AMR graph structures. It aggregates concept nodes and relations across multiple
AMR graphs through a voting mechanism to produce the optimal AMR graph.

3 Experiment

3.1 Experimental Setup

CAMRP2025 includes two subtasks—sentence-level CAMR parsing and document-level coreference
resolution.

Data: For the sentence-level parsing task, the train set contains 16,576 samples, the validation set
contains 1,789 samples, and the test sets A and B contain 1,713 and 1,999 samples respectively. For the
document-level coreference resolution task, the validation set includes 300 documents, and the test set
includes 200 documents.

Models: For the parsing tasks, the large language models selected for supervised fine-tuning include
LLaMA-3.13, GLM-4%, Qwen-2.55, and Qwen—36 7. For the multi-agent system, all agents are based on
GPT-4.1-mini.

Parameter settings: For the sentence-level parsing task, LoRA fine-tuning is conducted for 8 epochs
with a rank of 32 for the LoRA matrices. Full-parameter fine-tuning is conducted for 5 epochs. The
maximum sequence length is set to 2048. Experiments use the AdamW optimizer (Loshchilov and
Hutter, 2019) for optimization. Learning rate is selected from 2e-5, 3e-5, 5e-5, 8e-5, le-4. A cosine
annealing schedule is adopted for learning rate decay, and the warmup ratio is set to 0.1. For the
document-level coreference resolution task, due to the longer context and higher memory demands, only
LoRA fine-tuning is used. The maximum sequence length is set to 8192, with 5 training epochs and a
learning rate of 3e-5.

Evaluation metrics: Align-Smatch (Xiao et al., 2022) is used as the evaluation metric to assess the
tuples contained in the CAMR graphs.

3.2 Experimental Results

Sentence-level CAMR parsing performance: Table 1 lists the performance of each model on the
sentence-level parsing task after supervised fine-tuning, as well as the final results obtained through
3https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
*https://huggingface.co/ THUDM/glm-4-9b-chat-hf
Shttps://huggingface.co/Qwen/Qwen2.5-14B-Instruct

Shttps://huggingface.co/Qwen/Qwen3-14B
"https://huggingface.co/Qwen/Qwen3-32B
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Model TestA TestB
P R F1 P R F1

SUDA-HUAWEI,, 82.16 7820 80.13 75.52 71.79 73.61
ECNU»2 73.83 66.05 69.72 66.01 5771 61.58
BUPT32 5041 4255 46.15 4995 4272 46.05
GDUFE-23 75.53 7560 7556 69.71 67.33 68.50
SITUz3 4741 4645 4692 4644 4568 46.06
SUDA 23 80.82 81.79 8130 7439 75.03 74.71
WestlakeNLPo3 7440 7024 7226 7042 68.63 69.52
GDUFE24 80.87 81.53 81.19 7480 7575 75.27
BLCU24 78.93 78.89 7891 74.04 7427 74.16
Ours 82.70 81.37 82.03 76.87 76.73 76.80

Table 2: Comparison of different CAMR parsing systems.

graph ensemble. Generally, Qwen-3 achieves a precision of 81.93, recall of 81.34, and F; of 81.63.
Glm-4 achieved a precision of 79.72, recall of 80.11, and F; of 79.91. After categorizing the tuples into
three types—Instance, Attribute, and Relation—we evaluate each type separately. Among all single-
model results, Qwen-3 achieves the highest F; scores across all three categories, with scores of 87.25
for Instance, 95.10 for Attribute, and 68.83 for Relation. Furthermore, after applying graph ensemble
algorithm, the resulting CAMR graphs show improvements in all metrics: precision (82.70), recall
(81.37), and F; (82.03). Compared to the models above, the F; scores for separate evaluations on
Instance, Attribute, and Relation tuples have also improved across the board: Instance (87.25), Attribute
(95.10), Relation (68.83). This indicates that the graph ensemble algorithm effectively mitigates noise
and random errors in individual model predictions through voting, thereby enhancing parsing precision.

Comparison with previous CAMR parsing systems: Table 2 presents our final scores compared
with the results from previous evaluation tasks. Our method achieves scores of 82.03 on Test A and
76.80 on Test B. Notably, the score on Test A surpasses the record 81.30 set by SUDA in CAMRP2023,
and the score on Test B exceeds the record 75.27 set by GDUFE in CAMRP2024. The reason can be
two folds: 1) the baseline LLMs used in this paper gives relative better performance than previous ones;
2) the propsed multi-agent framework achieves further improvements over LLMs.

Performance on document-level coreference resolution: Table 3 presents our final scores on the
document-level coreference resolution task. Since this is the first evaluation of the document-level task,
there are no existing methods available for comparison. Our results achieve a score of 18.20 on the
labeled metric and 61.15 on the unlabeled metric. We provide further analysis in Section 3.3.

Unlabel Label
P R F1 P R F
Ours 7528 57.85 61.15 1686 21.67 18.20

Model

Table 3: Scores of document-level coreference resolution task

3.3 Experimental Analysis

Impact of the multi-agent framework: Table 4 presents the performence of multi-agent framework.
Through the correction of multi-agent system, the align-smatch score of 153 samples improves from
69.00 to 69.74. This indicates that the proposed framework can effectively improve the performance of
LLM-based CAMR parsers.

In addition, due to the presence of post-processing, corrections to format errors do not have a
significant impact on the final results. Corrections for hallucination issues made by the agents can change
some hallucinated concept nodes or remove nonexistent coreference relations, causing changes in the
final output. As shown in Table 4, after correction, the recall of the samples increases from 68.49 to 70.98,
and the F-score improves from 69.00 to 69.74, while precision decreases from 69.52 to 68.53. The results
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Total Instance Attribute Relation
P R F F1 F F,
Before correction  69.52 68.49 69.00 76.31 88.64 50.27
After correction 68.53 70.98 69.74 77.91 87.97 50.99

Table 4: Performance of the multi-agent system

indicate that through the multi-agent system, some hallucinated concept nodes are correctly modified,
however, there are also some correct nodes or relations mistakenly altered. Overall, the correction made
by multi-agent system optimizes hallucination issues and improves the F;. Some examples of corrections
are provided in Figure 4 of Appendix C. For the first example, the agent for hallucination identification
finds the hallucinated concept “x26 / &, and the agent for correction corrects it to proper concept “x26 /
8> For the second example, the agent for hallucination identification finds the hallucinated concept “x4
/ 35fi%, and the agent for correction corrects it to proper concept “x4 / ¥k, Please refer to Appendix
C for more examples.

In summary, the multi-agent system can effectively mitigate hallucination phenomena present in
CAMR sequences. However, since it may sometimes misjudge correct cases, there is still room for
improving multi-agent system.

The rationale for low results on document-level coreference resolution: In the document-level
coreference resolution task, due to limitations in context length, directly extracting entity coreference
chains from long documents is too brute-force and yields suboptimal results. Both the validation set
used for training and the test set for prediction contain some samples with extremely long contexts that
exceed the maximum sequence length defined in the experimental setup, resulting in truncated sequences
during actual training and inference.

4 Conclusion

In CAMRP2025, we assessed the capabilities of large language models released over the past year on
the CAMR parsing task. Additionally, we explored the potential of multi-agent systems in detecting and
correcting format issues and hallucinations in CAMR prediction sequences, achieving promising results.

In the future, for sentence-level CAMR parsing, we will address the limitations of sequence-
to-sequence methods, where linearization increases distances between connected concept nodes, by
optimizing graph prediction to reduce excessive edge distances. For document-level coreference
resolution, we plan to process two sentences at a time to avoid truncation, then merge results across
the full document, balancing context length and scalability.
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Appendix A. The Prompts of the Agent for Error Detection and the Agent for
Hallucination Identification

You are an error detection / a hallucination identification assistant for Chinese Abstract Meaning
Representation (CAMR) sequences. Based on the input [sentence] and [CAMR], please check the
validity of the CAMR sequence, and determine whether it contains any of the following issues. Point out
each issue item by item. If there are no problems, please clearly state that the sequence is valid.

### Input Format:

* [sentence]: A tokenized Chinese sentence, in the form “x1_iA1& 1 x2_1fA1E2 ..

* [CAMR]: The CAMR sequence corresponding to the sentence (in a bracketed semantic structure
similar to AMR)
### CAMR Sequence Structure Information:

* CAMR sequences are evolved from English AMR and are used to represent abstract semantic
relations extracted from Chinese sentences, though they are not exactly the same.

* In CAMR sequences, parentheses “(” and “)” are used to define concepts and their hierarchical
relationships.

* Phrases beginning with “:”” such as “:arg0” and “:argl” are relation labels, indicating the type of
relationship between concepts.

* The “/” symbol is used to define concept nodes, e.g., “x4 / J1%%-017. The left part “x4” is a unique
variable identifying the concept, and the right part “}f%E-01 is the actual concept of the node.
### Checklist for Validation:

Agent for error detection

1. Parenthesis Matching Errors:

* Check for missing or extra parentheses, unclosed structures, or incorrect closing order.

2. Structural and Formatting Errors:

* Missing concepts in nodes;

* Repeated or illegally nested relation labels, or labels in the wrong position;

* Malformed node structure, with invalid segments;

* [llegal spaces or incorrect concatenation in named entities;

* Clearly incomplete structures.

Agent for hallucination identification

1. Undefined Coreference Variables:

* All variables used for coreference must be defined elsewhere in the sequence;

* If a variable is undefined, the coreference relation should be deleted or the reference corrected.

2. Hallucinated Concepts:

*If a concept in Chinese of CAMR does not originate from [sentence], it is considered hallucinated;

* This includes named entities, abstract nodes, or structures not formed from any words in the
sentence;
### Special Notes:

* Please focus on the structural validity of the CAMR and its consistency with the input sentence;

* When checking for hallucinated concepts, English terms are often valid abstractions from the
sentence—please pay closer attention to hallucinations involving Chinese concepts.
### Output Format Requirements:

* You may include your reasoning process. After completing the checks, summarize any detected
errors using the format below.

* If there are errors, list each issue clearly in the following format: [Detect]: Issue 1: ...; Issue 2: ...

* If no issues are found, output: [Detect]: The sequence is valid.
### Valid Example:
Examplel-Example5
### Invalid Example:
Examplel-Example5
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Please refer to the above examples and instructions. Carefully analyze and check the input CAMR
sequence for errors step by step, summarize your reasoning process, and output the results as [Detect]:
[sentence]: Input sentence

[CAMR]: Input CAMR sequence

Appendix B. The Prompt of the Agent for Correction

You are a correction assistant for Chinese Abstract Meaning Representation (CAMR) sequences. Based
on the input [sentence], [CAMR], and [Detect], please correct errors or hallucinations in the CAMR
sequence to ensure the sequence is valid.

### Input Format:

* [sentence]: A tokenized Chinese sentence, in the form “x1_iA1&1 x2_1/A1E2 ..

* [CAMR]: The CAMR sequence corresponding to the sentence (in a bracketed semantic structure
similar to AMR)

* [Detect]: Error information to be corrected (e.g., Issue 1: ... Issue 2: ...)

### CAMR Sequence Structure Information:

* CAMR sequences are evolved from English AMR and are used to represent abstract semantic
relations extracted from Chinese sentences, though they are not exactly the same.

* In CAMR sequences, parentheses “(” and “)” are used to define concepts and their hierarchical
relationships.

* Phrases beginning with *“:”” such as “:arg0” and “:argl” are relation labels, indicating the type of
relationship between concepts.

* The “/”” symbol is used to define concept nodes, e.g., “x4 / /1%€-01". The left part “x4” is a unique
variable identifying the concept, and the right part “}f%E-01 is the actual concept of the node.

### Special Notes:

* Issues in [Detect] may be false positives. Please carefully consider whether modification is
necessary. Do not blindly follow the [Detect] suggestions.

* If an issue involves hallucinated English concepts such as “amr-unknown”, “and”, “mean”,
“person”, “include-91”, etc., they are abstracted from the sentence., no correction is needed—this is
considered normal in CAMR sequences.

### Output Format Requirements:

* You may include your reasoning process. After correcting all errors, output the final valid CAMR
sequence as follows: [correct CAMR]: Valid CAMR sequence.
### Example:

Examplel-Example5

Please refer to the above examples and instructions to carefully analyze and correct errors in the input
CAMR sequence. After thorough reasoning step by step, output the final valid [correct CAMR]:
[sentence]: Input sentence

[CAMRY]: Input CAMR sequence

[Detect]: Error information from the other two agent
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Appendix C. Examples of the Multi-agent System

[sentence]: ...x20_X x21_#F x22_ M x23_f x24_F'E x25_A7 x26_18 x27_F & x28_W. ..

[CAMR]: ...:0p2 (x27 / £ :mod (x26 / F) :poss (x24 / &=i'E :ralign (x25/ 1)) ...

[Detect]: Issue 1: The concept “(x26 / 7F)” does not match the token “x26_#” in the sentence and is hallucinated; it
should be corrected to reflect the original token concept.

[Correct]: ...:0p2 (x27 / & :mod (x26 / #) :poss (x24 / {5 B :ralign (x25/ ) ...

[sentence]: x1_Jth x2_—UNREFE x3_, x4 33k x5_TAE x6_% x7.67 x8_% x9_EFF x10_AtH. ..

[CAMRY]: ...(x18/and :opl (x2 / —UNEE{E-01 :arg0 (x1 / fif)) :0p2 (x5 / TAE-01 :manner (x4 / SKf%. ..

[Detect]: Issue 1: The concept “35fiixi” in “:manner (x4 / 3kfifi...)” is hallucinated, as it does not originate from the sentence
(“H3L” is in the sentence, but “3Lfii” is not); it should be revised to correctly represent “3 3%,

[Correct]: ...(x18/and :opl (x2 / —HHEEFE-01 :arg0 (x1 / fi)) :0p2 (x5 / LYE-01 :manner (x4 / 33L-01 ...

[sentence]: ...x9_THXT x 1075 A x11A x12_BZAR x13_A9 x14_ 527 x15_~ x16_ 800 x17_#ZE x18_ H....
[CAMRY]: ... (x17 / X% :mod (x56 / country :name (x14 / Z¢ 7)) :mod (x58 / ethnic-group :name (x16 / IE4Y))) ...
[Detect]: Issue 1: The CAMR concept “(x58 / ethnic-group :name (x16 / PE4X))” contains the hallucinated Chinese
concept “PLHY”, which does not exist in the input sentence. It should be corrected to “SJ4{” to match the token x16.
[Correct]: ...(x17 / #{% :mod (x56 / country :name (x14 / 5 117)) :mod (x58 / ethnic-group :name (x16 / KJE))) ...

[sentence]: x1_EJF x2_F x3_B78 x4_# x5_& x6_& x7 8 x8_A7 x9_Ek ...

[CAMRY]: ...:opl (x4 / #2-01 :aspect (x5 / %) :arg0 (x1 / EJ&F) :argl (x9 / F& H :argl-of (x7 / #-01 :ralign (x8 / f) ...
[Detect]: Issue 1: The concept node “(x9 / & H)” is hallucinated because “J H” is not present in the sentence; it should
be corrected to “(x9 / J&3k)”.

[Correct]: ...:opl (x4 / #%-01 :aspect (x5 / %) :arg0 (x1 / FJF) :argl (x9 / J&3k :argl-of (x7 / £-01 :ralign (x8 / 1)) ...

[sentence]: ...x21_FE7F x22_F1 x23_7~ x24_JF: x25 58 # x26_B1IH A x27_.

[CAMRY: ...:arg2 (x26 / Bt A :ralign (x22 / #1) :mod (x25 / JE#Y) :domain (x21 / L7 . ..

[Detect]: Issue 1: The Chinese concept “fIf A\ (x26) does not match the corresponding sentence token “8I/#5 A (x26),
indicating a hallucinated concept; it should be corrected to align exactly with the sentence token.

[Correct]: ...:arg2 (x26 / BI¥A A :ralign (x22 / #1) :mod (x25 / EZX) :domain (x21 / E77. ..

[sentence]: ...x12_E[H x13_&H x14 K& x15_#) x16_# x17_, x18 &R x19_K. ..

[CAMRY]: ...(x20/ and :opl (x16 / #¥ :quant (x14 / K& :ralign (x15/ f))) :0p2 (x19 / K :mod (x18 / HHHZ)) ...
[Detect]: Issue 1: The concept “(x18 / Z#}/&)” in the CAMR is hallucinated or a typo, as the sentence contains “75 &
J&” (aromatic hydrocarbon) at x18, but the CAMR uses “ZF L2 instead. This should be corrected to match the sentence.
[Correct]: ...(x20/ and :opl (x16/ PN :quant (x14 / K& cralign (x15/ ) :op2 (x19/ % :mod x18/ FHER)) ...

[sentence]: ... x15_JBHFiR x16_5 x17_3F x18_FF x19_7) x20_% fi x21_5 17 x22_#{%. ..

[Detect]: Issue 1: The concept “(x20 / SE1)” is a hallucinated or miswritten concept, as the sentence contains “%7 {#” for
x20. It should be corrected to “(x20 / % f€)”.

[Correct]: ...:cause (x17 / 2-01 :manner (x16 / 5) :argl (x20 / & {E :arg0-of (x18 / ##-01 :argl (x19/ J)))) ...
[sentence]: x1_— x2_1* x3_FLE x4 _F x5_1° x6_0i x7_, x8_RZE x9_F1E x103% x11_FF 4 x12_7 5# x13_1H
[Detect]: Issue 1: The concept “(x3 / )" is a hallucinated concept since “Z % does not exist in the sentence; the

correct concept should be “(x3 / ).
[Correct]: ...:argl (x4 /#4-01 :argl (x3 / & :quant (x1/ 1) :cunit (x2/ 1)) ...

Figure 4: Examples of the multi-agent system
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