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Abstract

Empirical evidence indicates that LLMs exhibit
spontaneous cross-lingual alignment. However,
although LLMs show promising cross-lingual
alignment in Information Extraction (IE), a sig-
nificant imbalance across languages persists,
highlighting an underlying deficiency. To ad-
dress this, we propose KnowCoder-X, a pow-
erful code LLM with advanced cross-lingual
and multilingual capabilities for universal IE.
Firstly, it standardizes the representation of
multilingual schemas using Python classes, en-
suring a consistent ontology across different
languages. Then, IE across languages is for-
mulated as a unified code generation task. Sec-
ondly, we conduct IE cross-lingual alignment
instruction tuning on the translated instance
prediction task to enhance the model’s cross-
lingual transferability. During this phase, we
also construct a high-quality and diverse bilin-
gual IE parallel dataset with 257k samples,
called ParalleINER, synthesized by our pro-
posed robust three-stage pipeline, with manual
annotation to ensure quality. Although without
training in 29 unseen languages, KnowCoder-
X surpasses ChatGPT by 30.17% and SoTA by
20.03%, thereby demonstrating superior cross-
lingual IE capabilities. Comprehensive eval-
uations on 64 IE benchmarks in Chinese and
English under various settings demonstrate that
KnowCoder-X significantly enhances cross-
lingual IE transfer through boosting the IE
alignment. Our code and dataset are avail-
able at: https://github.com/ICT-GoKnow/
KnowCoder.

1 Introduction

Cross-lingual Information Extraction (IE) focuses
on automatically extracting structured information
from texts in unseen languages, following manually
designed schemas. Cross-lingual schema under-
standing and representation have long been a chal-

* Co-first authors.
¥ Corresponding authors.

Model CoNLL 2003 CoNLL 2003 (zh)
LLaMA2-7B 26.9 5.9
LLaMAZ2-7B (w/ training) 95.1 52.7

Table 1: Results on CoNLL 2003 and CoNLL 2003 (zh).
The latter is the constructed Chinese parallel dataset.

lenge. Large Language Models (LLMs), trained
on massive multilingual corpora, have significantly
advanced multilingual language processing (Brown
et al., 2020; Touvron et al., 2023). Previous stud-
ies (Qi et al., 2023; Wang et al., 2024; Gao et al.,
2024; Li et al., 2024a) have shown that LLMs ex-
hibit spontaneous cross-lingual alignment to facili-
tate the transfer of abilities and knowledge across
languages. Our findings suggest the presence of
this alignment in IE, indicating a strong potential
for improving the IE cross-lingual transfer. We
first define IE parallel data, which is across various
languages that share the same schema, sentences,
and extracted instances. Previous studies used la-
bel projection to generate such data to alleviate the
challenges of IE in low-resource (Kolluru et al.,
2022; Hennig et al., 2023; Rios et al., 2024). We
construct an IE parallel dataset in Chinese based on
CoNLL 2003 (Sang and Meulder, 2003) manually,
to evaluate the LLaMA2-7B trained on English
Named Entity Recognition (NER) datasets used in
KnowCoder (Li et al., 2024b). Table 1 shows the
results. After training on English IE datasets, there
was a notable enhancement in the parallel dataset
of Chinese IE (5.9—52.7), strongly supporting the
presence of IE cross-lingual alignment. However,
the significant performance gaps between the two
languages (95.1 vs 52.7) indicate that the alignment
remains weak. To address this, we propose two
strategies to enhance IE cross-lingual alignment
in LLMs by aligning the schema and extraction
process across different languages, respectively:

Firstly, we standardize IE schemas across lan-
guages, particularly non-English ones, into unified
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Python classes. X-GEAR (Huang et al., 2022) in-
troduced a language-agnostic output template to
maintain multilingual IE uniformity, aiding cross-
lingual transfer. However, this uniformity is not
thorough due to the absence of a schema in the in-
put context, which hinders both cross-lingual trans-
fer and multilingual schema understanding. More-
over, its highly customized input and output limit
scalability to UIE and LLM-based IE. Thus, we in-
troduce a unified UIE schema representation in the
input and output, ensuring thorough uniformity in
multilingual IE to improve cross-lingual alignment
within LLMs. We also observe that object-oriented
features in code are well-suited for unified schema
representation and knowledge sharing across lan-
guages. Although code-based approaches (Wang
et al., 2022; Li et al., 2024b; Liu et al., 2025) have
shown promising results in IE, their effectiveness in
cross-lingual IE still needs to be validated. There-
fore, we leverage Python classes to represent multi-
lingual schemas, ensuring consistent ontology rep-
resentation across languages and facilitating effi-
cient IE knowledge transfer. The consistent schema
allows the model to learn and efficiently share the
knowledge of the same ontology across languages.

Secondly, we introduce an IE cross-lingual align-
ment instruction tuning phase. We first propose a
task that predicts target language instances, aid-
ing in the alignment of the extraction process (see
Figure 1 for an example). Using prediction tasks
with parallel data to enhance multilingual align-
ment through instruction tuning is a widely adopted
paradigm (Zhu et al., 2023; Gao et al., 2024). The
key challenge is ensuring that extracted instances
maintain semantic consistency with their source-
language counterparts while appearing in the target
language sentence. Unlike directly predicting com-
plete IE parallel data, which focuses on aligning
sentences, our method prioritizes the alignment of
translated instances, which is the central goal of IE
cross-lingual alignment.

To use high-quality IE parallel data for the phase,
we propose an automatic three-stage LL.M-based
pipeline, which achieves 99% average faithfulness
across 10 languages evaluated on the label pro-
jection benchmark WikiANN (Pan et al., 2017).
Utilizing the pipeline, we construct a high-quality
and diverse NER English-Chinese parallel dataset
ParalleINER, using the GPT-40 series model sup-
plemented with manual annotation. By distilling
the IE alignment capabilities of advanced propri-
etary models, the IE cross-lingual alignment phase

enhances cross-lingual generalization in IE tasks.

Ultimately, we obtain the KnowCoder-X
through Chinese and English IE instruction tun-
ing. We evaluate the KnowCoder-X on 64 bench-
marks for the NER, Relation Extraction (RE),
Event Detection (ED), and Event Argument Ex-
traction (EAE) tasks in Chinese and English.
KnowCoder-X exhibits superior cross-lingual
generalization across 29 unseen diverse languages,
and surpasses ChatGPT by 30.17% and SoTA by
20.03%. Moreover, it achieved an impressive aver-
age improvement of 11.43% over the SOTA across
20 low-resource African languages. In the su-
pervised evaluation, KnowCoder-X consistently
ranks within the top-2 results across 40 (of 42)
benchmarks. Notably, KnowCoder-X achieves
SoTA across all Chinese IE benchmarks, effectively
demonstrating the strength of knowledge transfer
from English IE through our method. Our contri-
butions can be summarized as:

* The code-based multilingual IE method of
KnowCoder-X unifies the representation of
schemas across different languages, thereby
boosting cross-lingual transfer.

* We incorporate an IE cross-lingual alignment
phase to improve cross-lingual transfer. This
phase involves instruction tuning on a newly
proposed translated instance prediction task.

* We propose a robust three-stage IE parallel
data construction pipeline and construct a
high-quality bilingual parallel NER dataset
ParalleINER with 257,190 samples to pro-
vide valuable resources to the community.

2 Related Work

Transfer Learning for cross-lingual IE Huang
et al. (2017) introduced a zero-shot learning
method for EE, facilitating generalization across
unseen languages. CLaP (Huang et al., 2022) uti-
lized generative language models for cross-lingual
EAE. Prompt-XRE (Hsu et al., 2023) enhanced
cross-lingual RE through prompt-based learning,
reducing reliance on large annotated datasets. Zu-
billaga et al. (2024) emphasized the significance
of typology in cross-lingual EE, particularly for
low-resource languages like Basque. In contrast,
KnowCoder-X focuses on leveraging the sponta-
neous alignment of LLMs to facilitate cross-lingual
IE transfer on all IE tasks.
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INSTRUCTION

# The following is an example of Chinese Named Entity Recognition (NER)
in an object-oriented programming paradigm.

In this example, several entity classes are defined, and then objects o
f these classes are instantiated to correspond with the entities in the
given sentence.

# Please study this example and complete the English NER task according
Ly.

# Input (Chinese NER):

class Entity:

ik sk (Entity) FERIE ..

def __init_ (self, name: str):
self.name = name

# Output (Chinese NER):

results = [
BranchofScience (" HFEEES"),
BranchOfScience ("B EFS"),

—_

BranchOfScience("5&8{k5%3")

1

I

I

I
- | sentence = "=MTEH¥ AL IEEES EEEEINELES.

I

I

I

I

# Input (English NER): |

I

class Entity:

def __init_ (self, name: str):
self.name = name

[(——————————

I
|
|
|
Description: An entity is a .. J |
|
I
I

sentence = "The three major learning paradigms are |SUpervisedilearning,

unsupervised learning and reinforcement learning.

COMPLETION

# Output (English NER):

results = [
BranchOfScience ( "SlUpervisedilearning" ) , _
BranchOfScience("unsupervised learning"),
BranchOfScience("reinforcement learning")

]

Figure 1: An example of instruction-tuning data used in
the IE cross-lingual alignment phase. The highlighted
span in the completion and the two same color high-
lighted|spans in the instruction must ensure semantic
consistency and be exactly matched, respectively.

LLMs for Multilingual IE  YAYI-UIE (Xiao
et al., 2023) proposes a chat-enhanced instruction
tuning framework for UIE. IEPILE (Gui et al.,
2024) collects a comprehensive bilingual IE instruc-
tion corpus, and B2NER (Yang et al., 2024) further
designs a universal entity taxonomy. However, pre-
vious works overlook the mutual influence mecha-
nisms between schemas in different languages and
lack a unified representation.

Code-Based IE Code-based IE aims to formu-
late the IE as a code generation task. CodelE (Li
et al., 2023) first leverages the Code-LLM and
recasts IE tasks into Python function completion
tasks. Code4Struct (Wang et al., 2022) represents
the schema in Python classes for the EAE task.
Code4UIE (Guo et al., 2023) further constructs
code-based schema for all the UIE tasks. Besides,
KnowCoder (Li et al., 2024b) utilizes class inher-
itance, class methods, and type hints to further
enrich the schema representation. GoLLIE (Sainz
et al., 2024) incorporates guidelines within class
comments. However, these works focus on the En-
glish IE task, and we are dedicated to exploring the
significant role of code in multilingual IE.

3 Code-Based Multilingual IE

KnowCoder-X formulates the IE tasks across var-
ious languages using a unified code generation
framework. In this section, we introduce the in-
struction and completion of the proposed code-
based multilingual IE. The instruction consists of
two parts (§3.1): (1) schema representation code
across languages, including class definition and
comments; (2) task prompts for completion. Subse-
quently, we present the completion format (§3.2).

3.1 Instruction Format

Class Definition The IE schema comprises mul-
tiple concepts, each of which consists of a name
and a set of attributes. The three fundamental con-
cepts of IE schemas [Entity, Relation, Event]
are first defined as base classes. For each concept
of a schema, a corresponding class is subsequently
defined. Each concept inherits from its respective
base class by default. Then, we define the attributes
of each concept (such as argument roles) as input
arguments of the constructor __init__(). Specially,
for IE in non-English languages, we first create a
mapping from the original schema to the English
schema. The mapping standardizes the represen-
tation of the same ontology across different lan-
guages by utilizing the unified Python class. For
example, the entity concept A} % in Korean and
A4 in Chinese are both mapped to the class
PER(Entity), ensuring consistent semantic repre-
sentation across linguistic boundaries to align the
schema in different languages.

Class Comments We utilize class comments
to provide clear definitions of concepts similar to
GoLLIE (Sainz et al., 2024) and KnowCoder (Li
et al., 2024b) for the understanding of concepts
in different languages. Class comments comprise
two components: 1) examples contain instances
corresponding to the concept. 2) a description that
explains the concept; For the examples part, we
sample up to 10 instances for each concept by fre-
quency. For the description part, we follow the an-
notation guidelines of datasets by default. We pro-
pose an LL.M-based approach to generate descrip-
tions for datasets where guidelines are unavailable.
To enable the LLM to better understand the con-
cepts and the annotation style of the dataset, we first
sample 10 instances to prompt the LLM to summa-
rize an initial description. To avoid providing exces-
sive examples at once to hinder effective induction
summarization, we then sample 20 instances for
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the LLM to iteratively refine the description based
on each one. Specifically, for each instance, if it
cannot be categorized into the corresponding con-
cept according to the description, the LLM will
adjust the inappropriate parts of the current descrip-
tion accordingly. We use the GPT-40-2024-08-06
as the LLM. Appendix A provides details on the
description generation procedure.

Task Prompt The task prompt includes a doc-
string defining the task and a string variable sen-
tence that holds the text. The prompt is then con-
catenated with the schema to form the instruction.

3.2 Completion Format

The completion represents the final output gener-
ated by the model, which begins after the assign-
ment operation (i.e., results =). Each completion is
a list, where each element is an instantiated object,
representing the extracted structured knowledge in-
stance. Additionally, we utilize the exec() function
in Python to execute the instructions and comple-
tions of all code-based data in this work to ensure
quality. We also use this function to execute the
generated code to extract the results.

4 IE Cross-Lingual Alignment

KnowCoder-X adopts a two-phase instruction tun-
ing framework. The first phase is the IE cross-
lingual alignment phase, where we propose the task
and data. Subsequently, we conduct instruction
tuning on Chinese and English UIE tasks with 46
IE datasets to obtain KnowCoder-X. Appendix H
shows examples of instruction tuning data. Ap-
pendix G shows the detailed dataset statistics. In
this section, we introduce the IE cross-lingual align-
ment phase. First, we introduce the instruction
and completion of the translated spans prediction
task (§4.1). To obtain high-quality IE parallel
data for this training phase, we propose a three-
stage automatic pipeline for constructing IE paral-
lel data (§4.2) and creating ParalleINER (§4.3).

4.1 Translated Instances Prediction Task

The translated instances prediction task is the train-
ing objective of this phase, aiming to perform IE
in the target language. The instruction starts with a
task description, prompting the LLM to predict
translated instances by concatenating the input-
output pairs of source-language IE data with the
input of target-language IE data to form the instruc-
tion. The completion contains the output of the
target language data. Figure 1 shows an example.

Algorithm 1: Sample Translation

Initialize : Source Sentence s°"¢
Source Spans I°"¢
: Target Sentence s"9°
Target Spans 19
Function JointTranslate(s®"¢ I°"¢):
prompt = TemplateT (s°7¢, I°"°) ;
// Obtain Prompt for Joint Translation.
TP s19 = L M(prompt);
return /9% s'9¢ ;

Output

-

unction SpanRephrase(I%9¢, 157¢, st9t):
Flag = False ;
foreach (£9°,i37¢) in (I'9%, I°"°) do
if it9% not in s9* then
prompt = Templatel
(CR AR s
// Obtain Prompt for Span Rephrase.
io0" = LLM (prompt) ;
if sz{r in s'9¢ then
‘ I'9 update(itdt, i) ;
else
| Flag = True;

| return I'9*, Flag ;

—

STC),

unction SentenceRephrase (I49?,
prompt = TemplateS (1197,
// Obtain Prompt for Sentence Rephrase.
s'9% = LLM (prompt); return s'9° ;

STC) .

|

unction Main (s, I°7¢):
I'9 s'9" = JointTranslate(s"¢, I°7¢);
I'9% Flag = SpanRephrase (I*9¢, I°7¢, s'9%);
if Flag == True then

| s'9" = SentenceRephrase(/'9¢, s°7¢);

| return s'9* J'9¢

4.2 IE Parallel Data Construction Pipeline

The construction of IE parallel data involves two
key components: sample translation (i.e., label
projection) and schema translation. The sample
consists of sentences and spans, where spans re-
fer to the annotated segments within the sentence
that are relevant to the IE task (Kripke and Mu-
nitz, 1971; Chen and Yuille, 2004). Given the sen-
tence s°"¢ and span list 1°7¢ = {4§7¢ 57, ..., i57¢
in the source language, label projection aims to
obtain the sentence s'9' and span list I'9' =
{49 i¥", ... it9"} in the target language. Schema
translatlon can be carried out through machine
translation and manual annotation. The primary
challenge lies in the sample translation, which in-
volves two key issues (Parekh et al., 2024): 1)
Inaccurate Translation: Either the spans or the
sentences are inaccurately translated; 2) Missing
Spans: The translated spans may be missing from
the translated sentence.
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Traditional label projection methods (Dou and
Neubig, 2021; Chen et al., 2023; Parekh et al.,
2024), such as CLaP, typically first generate s'9¢,
and then obtain %9 through label retrieval, word
alignment, or contextual translation. However,
these methods have a critical flaw: errors intro-
duced during the generation of s*9! are propagated
into the process of obtaining 19, For example,

during the translation of s°"¢ to get s'9¢, 17 may

be mistranslated or merged, especially when ;"¢
is a pronoun such as “his”, leading to the failure
in obtaining the correct z'fcg !, To address the issue,
we propose a three-stage pipeline that implements
joint translation and multi-grained rephrasing. Ap-
pendix I shows all prompts used in the pipeline.
Stage 1: Joint Translation We propose the first
stage to ensure semantic consistency between the
translated sentence s'9 and the span list I*9%. Com-
pared to previous methods, where s'9! and 1'9¢ are
obtained sequentially, this stage utilizes LLMs to
simultaneously translate and generate both s'9* and
I'9t thereby reducing error accumulation through
parallel processing. This stage provides s°7¢ and
I1°7¢ as a comprehensive context that introduces in-
ner constraints on the two key issues, thus enabling
a more accurate and natural translation. Specifi-
cally, we use a predefined template to format the
sentence s°"¢ along with spans I°"° to serve as a
prompt for the LLM to perform joint translation.
Stage 2: Span Rephrase Stage 2 and 3 tackle
the missing spans issue by rephrasing. In Stage
2,47 corresponding to 4 is identified from s9¢,
similar to the CLaP (Parekh et al., 2024), which
allows the rephrasing of the previously translated
ones to further address the missing spans issue that

persists after Stage 1. Specifically, if ilJ" ¢ st9t,
.tgt—cor - tgt

we prompt the LLM to find the span %,;, ins
that semantically matches with ¢57¢. If A=

tgt . Lt
st9t 3" will be rephrased as i, " .

Stage 3: Sentence Rephrase However, due to
the inherent issue of error accumulation in the tra-
ditional sentence-then-span approach employed by
CLaP-like methods, we introduce Stage 3. In this
stage, we rephrase the translated sentence that is
a span-then-sentence strategy, thereby mitigating
the error propagation of the sentence-then-span
approach and addressing the missing spans issue
that remains unresolved. Specifically, if not all
9" € s'9% we prompt the LLM to rephrase 59"
based on s to ensure all ifﬂt are included.

This pipeline is capable of generating IE parallel
data across any two languages, as demonstrated

in Algorithm 1. By integrating three translation
strategies, parallel processing, sentence-then-span,
and span-then-sentence, we have achieved unprece-
dented performance on the label projection task, ap-
proaching an accuracy rate of nearly 100%. Follow-
ing Parekh et al. (2024), we evaluate the pipeline
on the label projection benchmark WikiANN (Pan
et al., 2017), a multilingual IE dataset, and achieve
an average 99% on the faithfulness evaluation in
10 English-centric bilingual settings. Appendix B
shows the detailed settings and results.

4.3 ParalleINER

Since alignment training requires including bilin-
gual IE samples within a single prompt, the ex-
cessive concepts in RE and EE result in insuffi-
cient context length of LLMs. Thus, we construct
NER parallel data for the phase. NER serves as a
shared and foundational task in the IE framework,
enabling entity identification through spotting abil-
ities to support all IE tasks (Lu et al., 2022).

Using the pipeline, we construct a high-quality
English (en) < Chinese (zh) NER parallel
dataset, ParalleINER. To ensure linguistic diver-
sity, we use high-quality datasets of each language:
WikiNeural (Tedeschi et al., 2021) (en=-zh) and
CLUENER2020 (Xu et al., 2020) (zh=-en), result-
ing 257,190 samples. We use the GPT-40-mini
as the base LLM of the pipeline. If the process
fails at any stage, such as occurring Missing Spans,
we employ GPT-40-2024-08-06 to facilitate repro-
cessing. With our pipeline, the missing spans is-
sue is rarely observed, with a rate of 15/10000
in CLUENER2020 and 82/92720 (8.84%00) in
WikiNeural. For the 97 samples above, we conduct
further manual annotation to ensure the quality. We
utilize ParalleINER to construct the training data
for this phase in both language directions (en<>zh)
to facilitate cross-lingual transfer. Appendix G.1
shows the statistics of ParalleINER.

5 Experimental Settings

5.1 Implementation Details

We use span-based offset Micro-F1 to evaluate the
methods. For NER, an entity is considered correct
if the span and type match a golden annotation.
For RE, a relation is considered correct if its type,
subject entity, and object entity match a golden
annotation. For ED, an event is valid if its trigger
and type match a golden annotation. For EAE,
given event type and trigger, an argument is valid
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Model Cross-Lingual A, A,
English Chinese | German Spanish Dutch Russian Bengali Persian Hindi Korean Turkish Beross .

ChatGPT' 3720 1880 | 37.10 3470 3570 2740 2330 2590 27.30 30.00  31.90 30.37 29.94
YAYI-UIE (Xiao et al., 2023) 5204  37.89 | 4178 4244 3802 3097 1597 2196 2093 2645  30.74 29.92 32.65
IEPILE (Gui et al., 2024) 53.19 3926 | 39.87 4241 3569 2869 1226 2393 1898 2756 2693 28.48 31.71
GLiNER (Zaratiana et al., 2024) 41770 24.30* | 39.50 4210 3890 3330 2590 3020 27.80 28.70  30.00 3293 3295
B2NER (Yang et al., 2024) 5480 4540 | 36.60  46.00 43.00 33.90 - - - - - - -

KnowCoder-X 56.37 4753 | 49.87  54.17 4881 41.53 2413  30.83 29.67 33.56 4319 | 39.5312003% 4179
Supervised (Malmasi et al., 2022a) | 62.70  53.10 | 64.60 5870 62.60 59.70  39.70 5230 47.80 5580  46.80 54.22 54.89

Table 2: Results of cross-lingual evaluation in Multiconer22. Avg.,,ss represents the average performance across 9
unseen languages. T indicates that the score is reported by Lai et al. (2023). * indicates that the score is from our
implementation. * indicates that the result of GLiNER in Chinese is under the cross-lingual setting. Supervised
denotes the supervised method, which is a strong baseline since the above methods are under the zero-shot setting.

if the span and its role match a golden annotation.
KnowCoder-X is fine-tuned based on
Baichuan2-7B-Base (Baichuan, 2023) using
LLaMA-Factory (Zheng et al., 2024). We apply
LoRA (Hu et al., 2022) with a LoRA rank of 32 for
parameter-efficient fine-tuning. The warmup ratio
is set to 0.01, and the learning rate for both phases
is 3 x 10~%. The sequence length is limited to
4096, and the batch size is 256. During inference,
the temperature is set to 0. All experiments are
conducted on 8 x NVIDIA A8000 80G GPUs.

5.2 Datasets

We follow the IEPILE (Gui et al., 2024), YAYI-
UIE (Xiao et al., 2023), and B°NER (Yang et al.,
2024) to conduct a comprehensive evaluation.
Overall, for English IE, we evaluate performance
across 28 benchmarks for NER, 10 benchmarks for
RE, 6 benchmarks for ED, and 3 benchmarks for
EAE. For Chinese IE, we evaluate performance on
4 benchmarks for NER, 5 benchmarks for RE, 4
benchmarks for ED, and 2 benchmarks for EAE.
Specifically, for cross-lingual evaluation, we
evaluate performance on the multilingual NER
benchmark Multiconer22 (Malmasi et al., 2022b)
and the low-resource African language NER bench-
mark MasakhaNER 2.0 (Adelani et al., 2022).
Moreover, we conduct the supervised evaluation
on various benchmarks: 23 NER, 8 RE, 3 ED, and
3 EAE benchmarks in English, as well as 2 NER, 2
RE, 2 ED, and 2 EAE benchmarks in Chinese. Ap-
pendix G presents the detailed statistics and usage.
We only train on the supervised evaluation IE
datasets of the three main baselines to ensure a fair
comparison, without additional training data.

5.3 Baselines

To enable a fair and comprehensive comparison,
we mainly use two types of baselines: Follow-
ing B?NER (Yang et al., 2024), we first compare
KnowCoder-X with BERT-Base (Devlin, 2018).

Additionally, we compare KnowCoder-X with the
SoTA systems for English and Chinese IE based
on LLMs, including IEPILE (Gui et al., 2024),
YAYI-UIE (Xiao et al., 2023), and B’NER (Yang
et al., 2024), which are our main baselines and
based on natural language prompts. The three base-
lines exhibit varying degrees of unfairness com-
pared to KnowCoder-X. IEPILE and YAYI-UIE
are fine-tuned on the larger backbone Baichuan2-
13B, while B2NER utilizes the more advanced
backbone Intern2LM-7B (Cai et al., 2024).

For the cross-lingual evaluation, we further com-
pare KnowCoder-X with ChatGPT (from Lai
et al., 2023) and GLiNER (Zaratiana et al., 2024).

6 Experimental Results

Our extensive evaluation of IE cross-lingual trans-
fer can be divided into two main dimensions:
the cross-lingual evaluation for external-language
transfer in unseen languages (§6.1), and the su-
pervised evaluation for internal-language transfer
between English and Chinese (§6.2). We addition-
ally conduct the zero-shot evaluation for internal
language transfer. Appendix D shows the results.

6.1 Cross-Lingual Evaluation

To evaluate whether KnowCoder-X improves IE
cross-lingual alignment, we conduct the cross-
lingual evaluation on 9 unseen languages of Mul-
ticoner22. We have also supplemented the evalu-
ation in Chinese and English. Table 2 shows re-
sults. KnowCoder-X significantly outperforms
ChatGPT and SoTA in the cross-lingual setting,
achieving a 30.17% and 20.03% improvement, re-
spectively. For 4 unseen languages used in BNER
that constitute more than 0.1% of the general
LLM pretraining corpus (Touvron et al., 2023),
KnowCoder-X outperforms B2NER by 19.36%,
with results comparable to B?NER in both Chi-
nese and English, demonstrating a significant im-
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Dataset BERT YAYI-UIE IEPILE B?NER KnowCoder-X
ACE 2005 87.30 81.78 81.86 83.04 87.49
AnatEM 85.82 76.54 87.21 89.18 89.19
BC2GM 80.90 82.05 80.73 81.95 84.49
BC4CHEMD 86.72 88.46 90.45 88.96 89.57
BC5CDR 85.28 83.67 88.07  88.52 88.46
Broad Twitter 58.61 83.52 - 82.16 82.36
CoNLL 2003 92.40 96.77 9249  92.56 94.69
FabNER 64.20 72.63 7107  78.82 83.19
FindVehicle 87.13 98.47 9849  97.89 99.47
GENIA 73.30 75.21 76.66  76.43 78.97
HarveyNER 82.26 69.57 67770 73.67 7391
MIT Movie 88.78 70.14 88.23 90.78 89.50
MIT Restaurant ~ 81.02 79.38 79.85 83.71 81.95
MultiNERD 91.25 88.42 94.60  93.98 95.94
NCBI 80.20 87.29 85.26 84.83 85.49
OntoNotes 91.11 87.04 87.55 84.31 87.91
PolyglotNER 75.65 70.85 - 61.96 64.47
TweetNER7 56.49 66.99 - 66.26 67.98
WikiANN 70.60 72.63 - 85.07 84.69
wikiNeural 82.78 87.63 - 93.01 87.79
Avg 80.09 80.95 - 83.85 84.88
MSRA 94.95 95.97 87.99 9222 96.01
ResumeNER 95.93 - 93.92 9590 96.05
Avg 94.72 - 90.96  94.06 96.03

Table 3: Results of supervised evaluation on NER. Re-
sults on Chinese benchmarks are from Li et al. (2020a).

provement in cross-lingual transfer. Surprisingly,
despite no training data in 9 unseen languages,
KnowCoder-X has achieved performance com-
parable to the supervised method in Spanish and
Turkish that significantly outperforms the SoTA.
Appendix C presents the evaluation results
on MasakhaNER 2.0 with 20 African low-
resource languages. The results demonstrate that
KnowCoder-X exhibits strong cross-lingual per-
formance and can extend to a wide range of lan-
guages, particularly those with limited resources.

6.2 Supervised Evaluation

The results for NER, RE, EE (including ED and
EAE) tasks are shown in Tables 3, 4, and 5 re-
spectively. KnowCoder-X outperforms the SoTA
baselines on most benchmarks for four tasks and
ranks within the top-2 results across all RE and ED
benchmarks. In the English IE, KnowCoder-X
has achieved significant average improvements of
3.03 and 2.92 F1 points on the RE and ED tasks,
with an improvement of 7.85 points on the kbp37
of RE. In the Chinese IE, KnowCoder-X has con-
sistently achieved SoTA, with 4.12 points average
improvement over the SoTA baseline on the EAE
task. Moreover, it can be observed that the model
not only achieves significant improvements in NER
but also exhibits even greater enhancements in RE,
ED, and EAE. This indicates that the alignment
phase enhances the multilingual NER capability
through cross-lingual alignment, which improves
the performance of all tasks by leveraging the foun-

Dataset YAYI-UIE IEPILE KnowCoder-X
ADE corpus 84.14 83.73 84.45
CoNLL 2004 79.73 72.87 73.14
GIDS 72.36 74.71 76.19
kbp37 59.35 65.09 72.94
NYT 89.97 93.00 96.08
NYT11-HRL  57.53 53.19 56.79
SciERC 40.94 43.53 44.93
Semeval RE 61.02 58.47 64.79
Avg 68.13 68.07 71.16
CMelE - 49.16 52.37
DulE 2.0 81.19 75.61 82.85
Avg - 62.39 67.26

Table 4: Results of supervised evaluation on RE.

Task Dataset BERT YAYI-UIE IEPILE KnowCoder-X
ACE 2005 72.50 65.00 72.46 73.57
CASIE 68.98 63.00 60.07 63.91
PHEE - 63.00 63.22 67.03

ED Avg - 63.67 65.25 68.17
DuEE 1.0  82.18 85.00 86.73 87.18
DuEE-Fin  84.53 82.50 83.54 85.13
Avg 83.36 83.75 85.14 86.16
ACE 2005 59.90 62.71 63.90 69.95
CASIE 60.37 64.23 56.07 64.96
PHEE - 77.19 70.85 76.24

EAE Avg 68.04 63.61 70.38
DuEE 1.0 70.68 78.08 75.63 82.12
DuEE-Fin  75.73 70.02 79.34 81.09
Avg 73.21 74.05 77.49 81.61

Table 5: Results of supervised evaluation on EE.

dational spotting capabilities of NER.

To further demonstrate that KnowCoder-X im-
proves multilingual IE across all languages through
IE cross-lingual alignment, we also compared
it comprehensively with SOTA monolingual (En-
glish) IE systems, which are fine-tuned on LLMs
including InstructUIE (Wang et al., 2023), Uni-
versalNER (Zhou et al., 2024), GoLLIE (Sainz
et al., 2024), KnowCoder (Li et al., 2024b),
GLiNER (Zaratiana et al., 2024), and GNER (Ding
et al., 2024). Appendix E shows a detailed com-
parison with all baselines. Compared to 10 SoTA
methods in the supervised setting, it achieves top-
2 results on 14 (of 23) English NER benchmarks,
indicating substantial enhancements. Specifically,
when compared to other code-based IE systems,
such as KnowCoder and GoLLIE, KnowCoder-X
still achieves a notable improvement. This observa-
tion underscores the effectiveness of cross-lingual
alignment of KnowCoder-X. This indicates that
our cross-lingual alignment not only avoids con-
flicts between different languages but also enhances
overall multilingual IE performance by leveraging
cross-lingual alignment. Appendix F shows a com-
parison of the computational resources.
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Dataset Text-Based Code-Based Language Text-Based Code-Based Code-Based (w/com.)
ACE 2005 (Walker et al., 2006) 84.93 86.07 German 35.16 38.69 48.02
AnatEM (Pyysalo and Ananiadou, 2014) 89.63 90.14 Spanish 43.19 48.93 52.16
BC2GM (Kocaman and Talby, 2020) 82.53 83.17 Dutch 39.16 42.19 46.79
BC5CDR (Li et al., 2016) 90.03 90.17 . ’ ’ ’
CoNLL 2003 (Sang and Meulder, 2003)  94.67 94.93 g”ss‘al'.’ ?;g ‘f;";g ;g'gg
WNUT 2017 (Derczynski et al., 2017) 66.14 66.03 engalt : : :
Persian 23.45 24.69 28.54
ResumeNER (Zhang and Yang, 2018) 9431 95.37 Hindi 21.71 23.91 28.13
MSRA (Levow, 2006) 92.97 94.03 Korean 2831 28.65 31.42
Avg 86.90 87.49 Turkish 32.36 35.16 41.16
Avg 30.52 32.89 37.76

Table 6: Ablation study on code-based multilingual IE.

Model NER RE ED EAE Ay
KnowCoder-X (w/o align) 85.06 68.67 74.12 74.00 75.46
KnowCoder-X 85.63 70.38 75.37 74.87 76.56

Table 7: Ablation study on IE alignment training.

6.3 Ablation Study

We conduct comprehensive ablation experiments
to investigate whether the code-based multilin-
gual IE and IE cross-lingual alignment phase of
KnowCoder-X contribute to the performance.
Code-Based Multilingual IE Table 6 shows re-
sults. We evaluate the text-based (Wang et al.,
2023) and code-based multilingual IE method in
the supervised setting. We use 6 English NER
datasets, ACE 2005, AnatEM, BC2GM, BC5CDR,
CoNLL 2003, WNUT 2017, and 2 Chinese NER
datasets, MSRA, ResumeNER to conduct instruc-
tion tuning on the Baichuan2-7B for supervised
evaluation. We remove class comments in our
schemas to ensure a fair comparison. The code-
based method outperforms by 0.59 points, with
improvements exceeding 1.00 points in 3 datasets,
particularly in the Chinese datasets MSRA and
ResumeNER. The results show that the code can
mitigate schema differences between languages,
thereby enhancing the cross-lingual alignment to
improve the performance of multilingual IE.

IE Alignment Training To show whether the
IE cross-lingual alignment phase contributes to the
performance, we further conduct an ablation study
by removing the cross-lingual alignment phase of
KnowCoder-X and denoting it as KnowCoder-
X (w/o align phase). Table 7 shows the av-
erage results in the supervised setting on 4 tasks
across 45 benchmarks. Compared to KnowCoder-
X (w/o align phase), the results indicate that
KnowCoder-X achieves a substantial average im-
provement of 1.1 points across four tasks. This
suggests that the IE cross-lingual alignment phase
enhances the overall performance of multilingual

Table 8: Analysis on cross-lingual transfer.

IE, demonstrating its contribution to facilitating
cross-lingual transfer within the multilingual IE
framework.

6.4 Analysis on Cross-Lingual Transfer

To further investigate the impact of code-based
unified schema representation in cross-lingual IE,
we conduct cross-lingual evaluation finetuned on
all NER datasets under three settings: text-based,
code-based, and code-based (with comments). Ta-
ble 8 shows the results. It indicates that adopt-
ing the code-based multilingual IE method can en-
hance cross-lingual performance by 2.37%. This
improvement can be attributed to the standardized
representation of the same ontology across differ-
ent languages provided by the code-based multi-
lingual IE method. Additionally, the integration
of guideline information further improves cross-
lingual performance by 4.85%, particularly in low-
resource languages such as Bengali and Persian.
The code-based multilingual IE effectively facili-
tates the integration of guideline information, sig-
nificantly enhancing cross-lingual IE performance.

7 Conclusions

We introduced KnowCoder-X, a code-based mul-
tilingual IE model that significantly enhances cross-
lingual transfer through unified schema represen-
tation and IE cross-lingual alignment training.
KnowCoder-X utilizes Python classes to repre-
sent schemas uniformly across languages, ensur-
ing semantic consistency in multilingual IE. Ad-
ditionally, the IE cross-lingual alignment phase
leverages high-quality IE parallel datasets Parallel-
NER, which are generated by our proposed LLM-
based pipeline, to boost multilingual generaliza-
tion. Comprehensive experiments demonstrate that
KnowCoder-X achieves SOTA in Chinese and En-
glish IE under various settings, with remarkable
cross-lingual capability.
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Limitation

Expanding training to include languages beyond
English and Chinese remains an area for further
exploration. Moreover, incorporating additional
languages would provide valuable insights into the
cross-lingual alignment mechanisms. Addition-
ally, addressing domain specificity will be a key
focus of future research. Specialized vocabulary
and domain-specific language use present signifi-
cant challenges for cross-lingual transfer, making
it essential to overcome these obstacles in upcom-
ing work. Introducing parallel data from other IE
tasks during the cross-lingual alignment phase also
offers promising avenues for further investigation.

Acknowledgments

This work is partially funded by the National Nat-
ural Science Foundation of China under grants
62306299 and 62441229, the Lenovo-CAS Joint
Lab Youth Scientist Project, the project under
Grants No. JCKY2022130C039, and the Strate-
gic Priority Research Program of the CAS under
Grants No. XDB0680102. We thank anonymous
reviewers for their insightful comments and sug-
gestions.

References

David Ifeoluwa Adelani, Graham Neubig, Sebastian
Ruder, Shruti Rijhwani, Michael Beukman, Chester
Palen-Michel, Constantine Lignos, Jesujoba O Al-
abi, Shamsuddeen H Muhammad, Peter Nabende,
et al. 2022. Masakhaner 2.0: Africa-centric transfer
learning for named entity recognition. arXiv preprint
arXiv:2210.12391.

Rami Al-Rfou, Vivek Kulkarni, Bryan Perozzi, and
Steven Skiena. 2014. POLYGLOT-NER: mas-
sive multilingual named entity recognition. CoRR,
abs/1410.3791.

Baichuan. 2023. Baichuan 2: Open large-scale lan-
guage models. arXiv preprint arXiv:2309.10305.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. Advances in neural information processing
systems, 33:1877-1901.

Zheng Cai, Maosong Cao, Haojiong Chen, Kai Chen,
Keyu Chen, Xin Chen, Xun Chen, Zehui Chen, Zhi
Chen, Pei Chu, et al. 2024. Internlm?2 technical re-
port. arXiv preprint arXiv:2403.17297.

Chih-Yao Chen and Cheng-Te Li. 2021. ZS-BERT:
towards zero-shot relation extraction with attribute
representation learning. In Proceedings of the 2021
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, NAACL-HLT 2021, Online,
June 6-11, 2021, pages 3470-3479. Association for
Computational Linguistics.

Pei Chen, Haotian Xu, Cheng Zhang, and Ruihong
Huang. 2022. Crossroads, buildings and neighbor-
hoods: A dataset for fine-grained location recogni-
tion. In Proceedings of the 2022 Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies, NAACL 2022, Seattle, WA, United States, July
10-15, 2022, pages 3329-3339. Association for Com-
putational Linguistics.

Xiangrong Chen and Alan L Yuille. 2004. Detecting and
reading text in natural scenes. In Proceedings of the
2004 IEEE Computer Society Conference on Com-
puter Vision and Pattern Recognition, 2004. CVPR
2004., volume 2, pages II-1I. IEEE.

Yang Chen, Chao Jiang, Alan Ritter, and Wei Xu. 2023.
Frustratingly easy label projection for cross-lingual
transfer. In Findings of the Association for Compu-
tational Linguistics: ACL 2023, pages 5775-5796,
Toronto, Canada. Association for Computational Lin-
guistics.

Leon Derczynski, Kalina Bontcheva, and Ian Roberts.
2016. Broad Twitter corpus: A diverse named entity
recognition resource. In Proceedings of COLING
2016, the 26th International Conference on Compu-
tational Linguistics: Technical Papers, pages 1169—
1179, Osaka, Japan. The COLING 2016 Organizing
Committee.

Leon Derczynski, Eric Nichols, Marieke van Erp, and
Nut Limsopatham. 2017. Results of the WNUT2017
shared task on novel and emerging entity recogni-
tion. In Proceedings of the 3rd Workshop on Noisy
User-generated Text, pages 140-147, Copenhagen,
Denmark. Association for Computational Linguis-
tics.

Jacob Devlin. 2018. Bert: Pre-training of deep bidi-
rectional transformers for language understanding.
arXiv preprint arXiv:1810.04805.

Yuyang Ding, Juntao Li, Pinzheng Wang, Zecheng Tang,
Bowen Yan, and Min Zhang. 2024. Rethinking nega-
tive instances for generative named entity recognition.
Preprint, arXiv:2402.16602.

Rezarta Islamaj Dogan, Robert Leaman, and Zhiyong
Lu. 2014. NCBI disease corpus: A resource for
disease name recognition and concept normalization.
J. Biomed. Informatics, 47:1-10.

Zi-Yi Dou and Graham Neubig. 2021. Word alignment
by fine-tuning embeddings on parallel corpora. In
Proceedings of the 16th Conference of the European

14494


https://arxiv.org/abs/1410.3791
https://arxiv.org/abs/1410.3791
https://arxiv.org/abs/2309.10305
https://arxiv.org/abs/2309.10305
https://doi.org/10.18653/V1/2021.NAACL-MAIN.272
https://doi.org/10.18653/V1/2021.NAACL-MAIN.272
https://doi.org/10.18653/V1/2021.NAACL-MAIN.272
https://doi.org/10.18653/V1/2022.NAACL-MAIN.243
https://doi.org/10.18653/V1/2022.NAACL-MAIN.243
https://doi.org/10.18653/V1/2022.NAACL-MAIN.243
https://doi.org/10.18653/v1/2023.findings-acl.357
https://doi.org/10.18653/v1/2023.findings-acl.357
https://aclanthology.org/C16-1111
https://aclanthology.org/C16-1111
https://doi.org/10.18653/v1/W17-4418
https://doi.org/10.18653/v1/W17-4418
https://doi.org/10.18653/v1/W17-4418
https://arxiv.org/abs/2402.16602
https://arxiv.org/abs/2402.16602
https://doi.org/10.1016/J.JBI.2013.12.006
https://doi.org/10.1016/J.JBI.2013.12.006
https://doi.org/10.18653/v1/2021.eacl-main.181
https://doi.org/10.18653/v1/2021.eacl-main.181

Chapter of the Association for Computational Lin-
guistics: Main Volume, pages 2112-2128, Online.
Association for Computational Linguistics.

Seth Ebner, Patrick Xia, Ryan Culkin, Kyle Rawlins,
and Benjamin Van Durme. 2020. Multi-sentence
argument linking. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics.

Changjiang Gao, Hongda Hu, Peng Hu, Jiajun Chen,
Jixing Li, and Shujian Huang. 2024. Multilingual pre-
training and instruction tuning improve cross-lingual
knowledge alignment, but only shallowly. arXiv
preprint arXiv:2404.04659.

Runwei Guan, Ka Lok Man, Feifan Chen, Shanliang
Yao, Rongsheng Hu, Xiaohui Zhu, Jeremy Smith,
Eng Gee Lim, and Yutao Yue. 2024. Findvehicle
and vehiclefinder: a ner dataset for natural language-
based vehicle retrieval and a keyword-based cross-
modal vehicle retrieval system. Multimedia Tools
and Applications, 83(8):24841-24874.

Tongfeng Guan, Hongying Zan, Xiabing Zhou, Hongfei
Xu, and Kunli Zhang. 2020. Cmeie: Construction
and evaluation of chinese medical information extrac-
tion dataset. In Natural Language Processing and
Chinese Computing - 9th CCF International Con-
ference, NLPCC 2020, Zhengzhou, China, October
14-18, 2020, Proceedings, Part I, volume 12430 of
Lecture Notes in Computer Science, pages 270-282.
Springer.

Honghao Gui, Lin Yuan, Hongbin Ye, Ningyu Zhang,
Mengshu Sun, Lei Liang, and Huajun Chen. 2024.
IEPile: Unearthing large scale schema-conditioned
information extraction corpus. In Proceedings of the
62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 2: Short Papers), pages
127-146, Bangkok, Thailand. Association for Com-
putational Linguistics.

Yucan Guo, Zixuan Li, Xiaolong Jin, Yantao Liu, Yu-
tao Zeng, Wenxuan Liu, Xiang Li, Pan Yang, Long
Bai, Jiafeng Guo, et al. 2023. Retrieval-augmented
code generation for universal information extraction.
arXiv preprint arXiv:2311.02962.

Harsha Gurulingappa, Abdul Mateen Rajput, Angus
Roberts, Juliane Fluck, Martin Hofmann-Apitius, and
Luca Toldo. 2012. Development of a benchmark
corpus to support the automatic extraction of drug-
related adverse effects from medical case reports.
Journal of Biomedical Informatics, 45(5):885-892.
Text Mining and Natural Language Processing in
Pharmacogenomics.

Cuiyun Han, Jinchuan Zhang, Xinyu Li, Guojin Xu,
Weihua Peng, and Zengfeng Zeng. 2022. Duee-fin:
A large-scale dataset for document-level event ex-
traction. In Natural Language Processing and Chi-
nese Computing - 11th CCF International Confer-
ence, NLPCC 2022, Guilin, China, September 24-25,
2022, Proceedings, Part I, volume 13551 of Lecture
Notes in Computer Science, pages 172—183. Springer.

Xu Han, Hao Zhu, Pengfei Yu, Ziyun Wang, Yuan Yao,
Zhiyuan Liu, and Maosong Sun. 2018. Fewrel: A
large-scale supervised few-shot relation classification
dataset with state-of-the-art evaluation. In Proceed-
ings of the 2018 Conference on Empirical Methods
in Natural Language Processing, Brussels, Belgium,
October 31 - November 4, 2018, pages 4803-4809.
Association for Computational Linguistics.

Iris Hendrickx, Su Nam Kim, Zornitsa Kozareva,
Preslav Nakov, Diarmuid O Séaghdha, Sebastian
Pad6, Marco Pennacchiotti, Lorenza Romano, and
Stan Szpakowicz. 2010. SemEval-2010 task 8: Multi-
way classification of semantic relations between pairs
of nominals. In Proceedings of the 5th International
Workshop on Semantic Evaluation, pages 33-38, Up-
psala, Sweden. Association for Computational Lin-
guistics.

Leonhard Hennig, Philippe Thomas, and Sebastian
Moller. 2023. Multitacred: A multilingual version
of the tac relation extraction dataset. In Proceedings
of the 61st Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 3785-3801.

Eduard H. Hovy, Mitchell P. Marcus, Martha Palmer,
Lance A. Ramshaw, and Ralph M. Weischedel. 2006.
Ontonotes: The 90% solution. In North American
Chapter of the Association for Computational Lin-
guistics.

Chiaming Hsu, Changtong Zan, Liang Ding, Longyue
Wang, Xiaoting Wang, Weifeng Liu, Fu Lin, and
Wenbin Hu. 2023. Prompt-learning for cross-lingual
relation extraction. In 2023 International Joint Con-
ference on Neural Networks (IJCNN), pages 1-9.
IEEE.

Edward J Hu, Phillip Wallis, Zeyuan Allen-Zhu,
Yuanzhi Li, Shean Wang, Lu Wang, Weizhu Chen,
et al. 2022. Lora: Low-rank adaptation of large lan-
guage models. In International Conference on Learn-
ing Representations.

Kuan-Hao Huang, I Hsu, Premkumar Natarajan, Kai-
Wei Chang, Nanyun Peng, et al. 2022. Multilin-
gual generative language models for zero-shot cross-
lingual event argument extraction. arXiv preprint
arXiv:2203.08308.

Lifu Huang, Heng Ji, Kyunghyun Cho, and Clare R
Voss. 2017. Zero-shot transfer learning for event
extraction. arXiv preprint arXiv:1707.01066.

Sharmistha Jat, Siddhesh Khandelwal, and Partha Taluk-
dar. 2018. Improving distantly supervised relation
extraction using word and entity based attention.
Preprint, arXiv:1804.06987.

Jin-Dong Kim, Tomoko Ohta, Yuka Tateisi, and Jun’ichi
Tsujii. 2003. Genia corpus—a semantically anno-
tated corpus for bio-textmining. Bioinformatics (Ox-
ford, England), 19 Suppl 1:1180-2.

14495


https://doi.org/10.1007/978-3-030-60450-9_22
https://doi.org/10.1007/978-3-030-60450-9_22
https://doi.org/10.1007/978-3-030-60450-9_22
https://aclanthology.org/2024.acl-short.13
https://aclanthology.org/2024.acl-short.13
https://doi.org/10.1016/j.jbi.2012.04.008
https://doi.org/10.1016/j.jbi.2012.04.008
https://doi.org/10.1016/j.jbi.2012.04.008
https://doi.org/10.1007/978-3-031-17120-8_14
https://doi.org/10.1007/978-3-031-17120-8_14
https://doi.org/10.1007/978-3-031-17120-8_14
https://doi.org/10.18653/V1/D18-1514
https://doi.org/10.18653/V1/D18-1514
https://doi.org/10.18653/V1/D18-1514
https://aclanthology.org/S10-1006
https://aclanthology.org/S10-1006
https://aclanthology.org/S10-1006
https://arxiv.org/abs/1804.06987
https://arxiv.org/abs/1804.06987
https://doi.org/10.1093/bioinformatics/btg1023
https://doi.org/10.1093/bioinformatics/btg1023

Veysel Kocaman and David Talby. 2020. Biomedical
named entity recognition at scale. In Pattern Recogni-
tion. ICPR International Workshops and Challenges
- Virtual Event, January 10-15, 2021, Proceedings,
Part I, volume 12661 of Lecture Notes in Computer
Science, pages 635-646. Springer.

Keshav Kolluru, Mugeeth Mohammed, Shubham Mit-
tal, Soumen Chakrabarti, et al. 2022. Alignment-
augmented consistent translation for multilingual
open information extraction. In Proceedings of the
60th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
2502-2517.

Saul Kripke and Milton K Munitz. 1971. Identity and
necessity. /971, pages 135-164.

Aman Kumar and Binil Starly. 2021. “fabner”: infor-
mation extraction from manufacturing process sci-
ence domain literature using named entity recogni-
tion. Journal of Intelligent Manufacturing, 33:2393 —
2407.

Viet Dac Lai, Nghia Trung Ngo, Amir Pouran Ben
Veyseh, Hieu Man, Franck Dernoncourt, Trung Bui,
and Thien Huu Nguyen. 2023. Chatgpt beyond en-
glish: Towards a comprehensive evaluation of large
language models in multilingual learning. ArXiv,
abs/2304.05613.

Meisin Lee, Lay-Ki Soon, Eu-Gene Siew, and Ly Fie
Sugianto. 2021. An annotated commodity news cor-
pus for event extraction. Preprint, arXiv:2105.08214.

Gina-Anne Levow. 2006. The third international chi-
nese language processing bakeoff: Word segmenta-
tion and named entity recognition. In Proceedings of
the Fifth Workshop on Chinese Language Processing,
SIGHAN@ COLING/ACL 2006, Sydney, Australia,
July 22-23, 2006, pages 108—117. Association for
Computational Linguistics.

Jiahuan Li, Shujian Huang, Aarron Ching, Xinyu Dai,
and Jiajun Chen. 2024a. Prealign: Boosting cross-
lingual transfer by early establishment of multilingual
alignment. arXiv preprint arXiv:2407.16222.

Jiao Li, Yueping Sun, Robin J. Johnson, Daniela Sci-
aky, Chih-Hsuan Wei, Robert Leaman, Allan Peter
Davis, Carolyn J. Mattingly, Thomas C. Wiegers, and
Zhiyong Lu. 2016. Biocreative V CDR task corpus:
a resource for chemical disease relation extraction.
Database J. Biol. Databases Curation, 2016.

Peng Li, Tianxiang Sun, Qiong Tang, Hang Yan, Yuan-
bin Wu, Xuanjing Huang, and Xipeng Qiu. 2023.
Codeie: Large code generation models are better
few-shot information extractors. In Proceedings
of the 61st Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
ACL 2023, Toronto, Canada, July 9-14, 2023, pages
15339-15353. Association for Computational Lin-
guistics.

Sha Li, Heng Ji, and Jiawei Han. 2021. Document-level
event argument extraction by conditional generation.
In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
NAACL-HLT 2021, Online, June 6-11, 2021, pages
894-908. Association for Computational Linguistics.

Xiaonan Li, Hang Yan, Xipeng Qiu, and Xuanjing
Huang. 2020a. FLAT: Chinese NER using flat-lattice
transformer. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 6836—6842, Online. Association for Computa-
tional Linguistics.

Xinyu Li, Fayuan Li, Lu Pan, Yuguang Chen, Weihua
Peng, Quan Wang, Yajuan Lyu, and Yong Zhu. 2020b.
Duee: A large-scale dataset for chinese event extrac-
tion in real-world scenarios. In Natural Language
Processing and Chinese Computing - 9th CCF In-
ternational Conference, NLPCC 2020, Zhengzhou,
China, October 14-18, 2020, Proceedings, Part Il,
volume 12431 of Lecture Notes in Computer Science,
pages 534-545. Springer.

Zixuan Li, Yutao Zeng, Yuxin Zuo, Weicheng Ren,
Wenxuan Liu, Miao Su, Yucan Guo, Yantao Liu, Xi-
ang Li, Zhilei Hu, et al. 2024b. Knowcoder: Coding
structured knowledge into 1lms for universal informa-
tion extraction. arXiv preprint arXiv:2403.07969.

Wenxuan Liu, Zixuan Li, Long Bai, Yuxin Zuo, Daozhu
Xu, Xiaolong Jin, Jiafeng Guo, and Xueqi Cheng.
2025. Towards event extraction with massive types:
Llm-based collaborative annotation and partitioning
extraction. arXiv preprint arXiv:2503.02628.

Yijin Liu, Fandong Meng, Jinchao Zhang, Jinan Xu,
Yufeng Chen, and Jie Zhou. 2019. GCDT: A global
context enhanced deep transition architecture for se-
quence labeling. CoRR, abs/1906.02437.

Zihan Liu, Yan Xu, Tiezheng Yu, Wenliang Dai, Ziwei
Ji, Samuel Cahyawijaya, Andrea Madotto, and Pas-
cale Fung. 2021. Crossner: Evaluating cross-domain
named entity recognition. In Thirty-Fifth AAAI Con-
ference on Artificial Intelligence, AAAI 2021, Thirty-
Third Conference on Innovative Applications of Arti-
ficial Intelligence, IAAI 2021, The Eleventh Sympo-
sium on Educational Advances in Artificial Intelli-
gence, EAAI 2021, Virtual Event, February 2-9, 2021,
pages 13452-13460. AAAI Press.

Yaojie Lu, Qing Liu, Dai Dai, Xinyan Xiao, Hongyu
Lin, Xianpei Han, Le Sun, and Hua Wu. 2022. Uni-
fied structure generation for universal information
extraction. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 5755-5772, Dublin,
Ireland. Association for Computational Linguistics.

Yi Luan, Luheng He, Mari Ostendorf, and Hannaneh Ha-
jishirzi. 2018a. Multi-task identification of entities,
relations, and coreference for scientific knowledge
graph construction. Preprint, arXiv:1808.09602.

14496


https://doi.org/10.1007/978-3-030-68763-2_48
https://doi.org/10.1007/978-3-030-68763-2_48
https://api.semanticscholar.org/CorpusID:258079179
https://api.semanticscholar.org/CorpusID:258079179
https://api.semanticscholar.org/CorpusID:258079179
https://arxiv.org/abs/2105.08214
https://arxiv.org/abs/2105.08214
https://aclanthology.org/W06-0115/
https://aclanthology.org/W06-0115/
https://aclanthology.org/W06-0115/
https://doi.org/10.1093/database/baw068
https://doi.org/10.1093/database/baw068
https://doi.org/10.18653/v1/2023.acl-long.855
https://doi.org/10.18653/v1/2023.acl-long.855
https://doi.org/10.18653/V1/2021.NAACL-MAIN.69
https://doi.org/10.18653/V1/2021.NAACL-MAIN.69
https://doi.org/10.18653/v1/2020.acl-main.611
https://doi.org/10.18653/v1/2020.acl-main.611
https://doi.org/10.1007/978-3-030-60457-8_44
https://doi.org/10.1007/978-3-030-60457-8_44
https://arxiv.org/abs/1906.02437
https://arxiv.org/abs/1906.02437
https://arxiv.org/abs/1906.02437
https://doi.org/10.1609/AAAI.V35I15.17587
https://doi.org/10.1609/AAAI.V35I15.17587
https://doi.org/10.18653/v1/2022.acl-long.395
https://doi.org/10.18653/v1/2022.acl-long.395
https://doi.org/10.18653/v1/2022.acl-long.395
https://arxiv.org/abs/1808.09602
https://arxiv.org/abs/1808.09602
https://arxiv.org/abs/1808.09602

Yi Luan, Luheng He, Mari Ostendorf, and Hannaneh
Hajishirzi. 2018b. Multi-task identification of enti-
ties, relations, and coreference for scientific knowl-
edge graph construction. In Proceedings of the 2018
Conference on Empirical Methods in Natural Lan-
guage Processing, Brussels, Belgium, October 31 -
November 4, 2018, pages 3219-3232. Association
for Computational Linguistics.

Shervin Malmasi, Anjie Fang, Besnik Fetahu, Sudipta
Kar, and Oleg Rokhlenko. 2022a. Multiconer: A
large-scale multilingual dataset for complex named
entity recognition. In International Conference on
Computational Linguistics.

Shervin Malmasi, Anjie Fang, Besnik Fetahu, Sudipta
Kar, and Oleg Rokhlenko. 2022b. MultiCoNER: A
large-scale multilingual dataset for complex named
entity recognition. In Proceedings of the 29th Inter-
national Conference on Computational Linguistics,
pages 3798-3809, Gyeongju, Republic of Korea. In-
ternational Committee on Computational Linguistics.

Xiaoman Pan, Boliang Zhang, Jonathan May, Joel Noth-
man, Kevin Knight, and Heng Ji. 2017. Cross-lingual
name tagging and linking for 282 languages. In Pro-
ceedings of the 55th Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long
Papers), pages 1946—1958, Vancouver, Canada. As-
sociation for Computational Linguistics.

Tanmay Parekh, I-Hung Hsu, Kuan-Hao Huang, Kai-
Wei Chang, and Nanyun Peng. 2024. Contextual
label projection for cross-lingual structured predic-
tion. In Proceedings of the 2024 Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies (Volume 1: Long Papers), pages 5738-5757,
Mexico City, Mexico. Association for Computational
Linguistics.

Nanyun Peng and Mark Dredze. 2015. Named en-
tity recognition for chinese social media with jointly
trained embeddings. In Proceedings of the 2015 Con-
ference on Empirical Methods in Natural Language
Processing, EMNLP 2015, Lisbon, Portugal, Septem-
ber 17-21, 2015, pages 548-554. The Association for
Computational Linguistics.

Sameer S. Pradhan and Nianwen Xue. 2009. Ontonotes:
The 90% solution. In Human Language Technolo-
gies: Conference of the North American Chapter of
the Association of Computational Linguistics, Pro-
ceedings, May 31 - June 5, 2009, Boulder, Colorado,
USA, Tutorial Abstracts, pages 11-12. The Associa-
tion for Computational Linguistics.

Sampo Pyysalo and Sophia Ananiadou. 2014. Anatom-
ical entity mention recognition at literature scale.
Bioinform., 30(6):868-875.

Jirui Qi, Raquel Ferndndez, and Arianna Bisazza. 2023.
Cross-lingual consistency of factual knowledge in
multilingual language models. pages 10650-10666,
Singapore.

Sebastian Riedel, Limin Yao, and Andrew McCallum.
2010. Modeling relations and their mentions without
labeled text. In ECML/PKDD.

Alan Rios, Bruno Cabral, Daniela Claro, Rerisson Cav-
alcante, and Marlo Souza. 2024. Transalign: An
automated corpus generation through cross-linguistic
data alignment for open information extraction. In
Proceedings of the 16th International Conference
on Computational Processing of Portuguese, pages
196-206.

Dan Roth and Wen-tau Yih. 2004. A linear program-
ming formulation for global inference in natural lan-
guage tasks. In Proceedings of the Eighth Confer-
ence on Computational Natural Language Learn-
ing (CoNLL-2004) at HLT-NAACL 2004, pages 1-8,
Boston, Massachusetts, USA. Association for Com-
putational Linguistics.

Oscar Sainz, Iker Garcia-Ferrero, Rodrigo Agerri,
Oier Lopez de Lacalle, German Rigau, and Eneko
Agirre. 2024. GoLLIE: Annotation guidelines im-
prove zero-shot information-extraction. In The
Twelfth International Conference on Learning Repre-
sentations.

Erik F. Tjong Kim Sang and Fien De Meulder. 2003.
Introduction to the conll-2003 shared task: Language-
independent named entity recognition. In Proceed-
ings of the Seventh Conference on Natural Language
Learning, CoNLL 2003, Held in cooperation with
HLT-NAACL 2003, Edmonton, Canada, May 31 -
June 1, 2003, pages 142—-147. ACL.

Taneeya Satyapanich, Francis Ferraro, and Tim Finin.
2020. CASIE: extracting cybersecurity event infor-
mation from text. In The Thirty-Fourth AAAI Con-
ference on Artificial Intelligence, AAAI 2020, The
Thirty-Second Innovative Applications of Artificial
Intelligence Conference, IAAI 2020, The Tenth AAAI
Symposium on Educational Advances in Artificial In-
telligence, EAAI 2020, New York, NY, USA, February
7-12, 2020, pages 8749-8757. AAAI Press.

Zhaoyue Sun, Jiazheng Li, Gabriele Pergola, Byron C.
Wallace, Bino John, Nigel Greene, Joseph Kim, and
Yulan He. 2022. PHEE: A dataset for pharmacovigi-
lance event extraction from text. In Proceedings of
the 2022 Conference on Empirical Methods in Natu-
ral Language Processing, EMNLP 2022, Abu Dhabi,
United Arab Emirates, December 7-11, 2022, pages
5571-5587. Association for Computational Linguis-
tics.

Ryuichi Takanobu, Tianyang Zhang, Jiexi Liu, and Min-
lie Huang. 2018. A hierarchical framework for rela-
tion extraction with reinforcement learning. In AAAI
Conference on Artificial Intelligence.

Simone Tedeschi, Valentino Maiorca, Niccold Campol-
ungo, Francesco Cecconi, and Roberto Navigli. 2021.
Wikineural: Combined neural and knowledge-based
silver data creation for multilingual ner. In Find-
ings of the association for computational linguistics:
EMNLP 2021, pages 2521-2533.

14497


https://doi.org/10.18653/V1/D18-1360
https://doi.org/10.18653/V1/D18-1360
https://doi.org/10.18653/V1/D18-1360
https://api.semanticscholar.org/CorpusID:251953674
https://api.semanticscholar.org/CorpusID:251953674
https://api.semanticscholar.org/CorpusID:251953674
https://aclanthology.org/2022.coling-1.334
https://aclanthology.org/2022.coling-1.334
https://aclanthology.org/2022.coling-1.334
https://doi.org/10.18653/v1/P17-1178
https://doi.org/10.18653/v1/P17-1178
https://doi.org/10.18653/v1/2024.naacl-long.321
https://doi.org/10.18653/v1/2024.naacl-long.321
https://doi.org/10.18653/v1/2024.naacl-long.321
https://doi.org/10.18653/V1/D15-1064
https://doi.org/10.18653/V1/D15-1064
https://doi.org/10.18653/V1/D15-1064
https://aclanthology.org/N09-4006/
https://aclanthology.org/N09-4006/
https://doi.org/10.1093/BIOINFORMATICS/BTT580
https://doi.org/10.1093/BIOINFORMATICS/BTT580
https://doi.org/10.18653/v1/2023.emnlp-main.658
https://doi.org/10.18653/v1/2023.emnlp-main.658
https://aclanthology.org/W04-2401
https://aclanthology.org/W04-2401
https://aclanthology.org/W04-2401
https://openreview.net/forum?id=Y3wpuxd7u9
https://openreview.net/forum?id=Y3wpuxd7u9
https://aclanthology.org/W03-0419/
https://aclanthology.org/W03-0419/
https://doi.org/10.1609/AAAI.V34I05.6401
https://doi.org/10.1609/AAAI.V34I05.6401
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.376
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.376

Simone Tedeschi and Roberto Navigli. 2022. MultiN-
ERD: A multilingual, multi-genre and fine-grained
dataset for named entity recognition (and disambigua-
tion). In Findings of the Association for Compu-
tational Linguistics: NAACL 2022, pages 801-812,
Seattle, United States. Association for Computational
Linguistics.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti
Bhosale, et al. 2023. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint
arXiv:2307.09288.

Asahi Ushio, Leonardo Neves, Vitor Silva, Francesco
Barbieri, and Jose Camacho-Collados. 2022. Named
entity recognition in twitter: A dataset and anal-
ysis on short-term temporal shifts.  Preprint,
arXiv:2210.03797.

Christopher Walker, Stephanie Strassel, Julie Medero,
and Kazuaki Maeda. 2006. Ace 2005 multilingual
training corpus.

Bin Wang, Zhengyuan Liu, Xin Huang, Fangkai Jiao,
Yang Ding, AiTi Aw, and Nancy F. Chen. 2024. Seae-
val for multilingual foundation models: From cross-
lingual alignment to cultural reasoning. Preprint,
arXiv:2309.04766.

Haitao Wang, Zhengqiu He, Jin Ma, Wenliang Chen,
and Min Zhang. 2019. Ipre: a dataset for inter-
personal relationship extraction. In Natural Lan-
guage Processing and Chinese Computing: 8th CCF
International Conference, NLPCC 2019, Dunhuang,
China, October 9-14, 2019, Proceedings, Part Il 8,
pages 103—115. Springer.

Xiao Wang, Weikang Zhou, Can Zu, Han Xia, Tianze
Chen, Yuansen Zhang, Rui Zheng, Junjie Ye,
Qi Zhang, Tao Gui, et al. 2023. Instructuie: Multi-
task instruction tuning for unified information extrac-
tion. arXiv preprint arXiv:2304.08085.

Xingyao Wang, Sha Li, and Heng Ji. 2022. Code4struct:
Code generation for few-shot event structure predic-
tion. arXiv preprint arXiv:2210.12810.

Xinglin Xiao, Yijie Wang, Nan Xu, Yuqi Wang, Hanx-
uvan Yang, Minzheng Wang, Yin Luo, Lei Wang,
Wenji Mao, and Daniel Zeng. 2023. Yayi-uie:
A chat-enhanced instruction tuning framework for
universal information extraction. arXiv preprint
arXiv:2312.15548.

Liang Xu, Qiangian Dong, Cong Yu, Yin Tian, Weitang
Liu, Lu Li, and Xuanwei Zhang. 2020. Cluener2020:
Fine-grained name entity recognition for chinese.
arXiv preprint arXiv:2001.04351.

Yuming Yang, Wantong Zhao, Caishuang Huang, Junjie
Ye, Xiao Wang, Huiyuan Zheng, Yang Nan, Yuran
Wang, Xueying Xu, Kaixin Huang, et al. 2024. Be-
yond boundaries: Learning a universal entity taxon-
omy across datasets and languages for open named
entity recognition. arXiv preprint arXiv:2406.11192.

Urchade Zaratiana, Nadi Tomeh, Pierre Holat, and
Thierry Charnois. 2024. GLiNER: Generalist model
for named entity recognition using bidirectional trans-
former. In Proceedings of the 2024 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies (Volume 1: Long Papers), pages 5364-5376,
Mexico City, Mexico. Association for Computational
Linguistics.

Renzo M. Rivera Zavala, Paloma Martinez, and Isabel
Segura-Bedmar. 2018. A hybrid bi-Istm-crf model to
recognition of disabilities from biomedical texts. In
IberEval @ SEPLN.

Dongxu Zhang and Dong Wang. 2015. Relation clas-
sification via recurrent neural network. Preprint,
arXiv:1508.01006.

Yue Zhang and Jie Yang. 2018. Chinese NER using
lattice LSTM. In Proceedings of the 56th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 1554—1564,
Melbourne, Australia. Association for Computational
Linguistics.

Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan
Ye, Zheyan Luo, Zhangchi Feng, and Yonggiang Ma.
2024. Llamafactory: Unified efficient fine-tuning
of 100+ language models. In Proceedings of the
62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 3: System Demonstra-
tions), Bangkok, Thailand. Association for Computa-
tional Linguistics.

Wenxuan Zhou, Sheng Zhang, Yu Gu, Muhao Chen,
and Hoifung Poon. 2024. Universalner: Targeted dis-
tillation from large language models for open named
entity recognition. In The Twelfth International Con-
ference on Learning Representations.

Yang Zhou, Yubo Chen, Jun Zhao, Yin Wu, Jiexin Xu,
and Jinlong Li. 2021. What the role is vs. what plays
the role: Semi-supervised event argument extraction
via dual question answering. In Thirty-Fifth AAAI
Conference on Artificial Intelligence, AAAI 2021,
Thirty-Third Conference on Innovative Applications
of Artificial Intelligence, IAAI 2021, The Eleventh
Symposium on Educational Advances in Artificial In-
telligence, EAAI 2021, Virtual Event, February 2-9,
2021, pages 14638-14646. AAAI Press.

Wenhao Zhu, Yunzhe Lv, Qingxiu Dong, Fei Yuan,
Jingjing Xu, Shujian Huang, Lingpeng Kong, Jiajun
Chen, and Lei Li. 2023. Extrapolating large language
models to non-english by aligning languages. arXiv
preprint arXiv:2308.04948.

Mikel Zubillaga, Oscar Sainz, Ainara Estarrona,
Oier Lopez de Lacalle, and Eneko Agirre. 2024.
Event extraction in basque: Typologically moti-
vated cross-lingual transfer-learning analysis. arXiv
preprint arXiv:2404.06392.

14498


https://doi.org/10.18653/v1/2022.findings-naacl.60
https://doi.org/10.18653/v1/2022.findings-naacl.60
https://doi.org/10.18653/v1/2022.findings-naacl.60
https://doi.org/10.18653/v1/2022.findings-naacl.60
https://arxiv.org/abs/2210.03797
https://arxiv.org/abs/2210.03797
https://arxiv.org/abs/2210.03797
https://doi.org/10.35111/mwxc-vh88
https://doi.org/10.35111/mwxc-vh88
https://arxiv.org/abs/2309.04766
https://arxiv.org/abs/2309.04766
https://arxiv.org/abs/2309.04766
https://doi.org/10.18653/v1/2024.naacl-long.300
https://doi.org/10.18653/v1/2024.naacl-long.300
https://doi.org/10.18653/v1/2024.naacl-long.300
https://api.semanticscholar.org/CorpusID:51940531
https://api.semanticscholar.org/CorpusID:51940531
https://arxiv.org/abs/1508.01006
https://arxiv.org/abs/1508.01006
https://doi.org/10.18653/v1/P18-1144
https://doi.org/10.18653/v1/P18-1144
http://arxiv.org/abs/2403.13372
http://arxiv.org/abs/2403.13372
https://doi.org/10.1609/AAAI.V35I16.17720
https://doi.org/10.1609/AAAI.V35I16.17720
https://doi.org/10.1609/AAAI.V35I16.17720

A Description Generation

We provide a detailed explanation of the descrip-
tion generation process using the NER task as an
example. The generation process consists of two
main phases, i.e., Description Initialization and
Description Polish:

* Description Initialization: In this phase, we
sample some entities to instruct the LLMs
to summarize an initial description of these
entities. The details are as follows: 1) Ran-
domly sample 10 entities from the training set.
2) Format the 10 entities into the description
initialization prompt template as shown in Ta-
bles 20, instructing the LLM to summarize
and generate an initial description.

* Description Polish: Based on the description
generated by the first phase, this phase further
instructs the LLM to polish the description
based on a set of entities iteratively.

Description Initialization often struggles to ac-
curately represent and capture the characteristics
of each entity. To address this, we introduce De-
scription Polish, a method designed to refine the
details of the description, thereby enabling it to
summarize the entities within a given entity type
more effectively.

B Pipeline Evaluation

We evaluate our pipeline on the label projection
benchmark WikiANN (Pan et al., 2017), which
is a multilingual NER dataset. We use 10 lan-
guages, including Bengali (bn), German (de), Span-
ish (es), Persian (fa), Hindi (hi), Korean (ko),
Dutch (nl), Russian (ru), Turkish (tr), and Chi-
nese (zh), and randomly sample 1,000 samples
for each language. We compare our pipeline with
CLaP (Parekh et al., 2024), Awesome-Align (Dou
and Neubig, 2021), and EasyProject (Chen et al.,
2023). We mainly evaluate faithfulness following
the setting of CLaP, measured as the percentage
of instances where translated labels appear in the
translated sentence, as accuracy evaluation requires
costly native speaker rankings across methods, in-
curring high costs.

Table 9 shows the result. We achieve 99% in
faithfulness on average, outperforming the cur-
rent SOTA Awesome-Align by 3% points on av-
erage. We attribute the achievement to the latter
two stages, which rephrase the span with minimal

Language | Awesome-Align EasyProject CLaP ‘ KnowCoder-X

bn 92 98 93 99
de 99 97 79 99
es 99 99 84 100
fa 96 99 72 100
hi 93 36 90 99
ko 96 93 64 99
nl 99 100 85 100
ru 97 99 66 93
tr 98 98 94 99
zh 92 92 60 99

Avg | 96 91 79 | 99

Table 9: Results of label projection evaluation.

disturbance to the sentence. Besides, other base-
lines experience significant performance drops in
certain languages, such as EasyProject in Russia.
In contrast, our pipeline achieves scores exceeding
93% across all languages, which strongly demon-
strates the robustness and reliability of our pipeline.
The results further substantiate the stability of our
pipeline, demonstrating its capability to adapt ef-
fectively across different linguistic contexts.

C Cross-Lingual Evaluation on Low
Resource Languages

Table 10 shows results on the MasakhaNER 2.0.
KnowCoder-X achieves the best performance
across a wider variety of low-resource languages.
Compared to TEPILE and GLiNER, KnowCoder-
X achieves improvements of 11.41% and 27.11%,
respectively. These findings highlight the remark-
able cross-lingual performance of KnowCoder-X
on low-resource languages. The results demon-
strate that KnowCoder-X exhibits excellent cross-
lingual generalization for IE, which can be at-
tributed to the enhancement of IE cross-lingual
alignment.

D Zero-Shot Evaluation

Datasets For the zero-shot evaluation, among
NER benchmarks, we use 5 English benchmarks
from CrossNER (Liu et al., 2021) and 2 Chinese
benchmarks, Weibo (Peng and Dredze, 2015) and
Boson'. Among RE benchmarks, we adopt 2 En-
glish benchmarks FewRel (Han et al., 2018), Wiki-
ZSL (Chen and Li, 2021) and 3 Chinese bench-
marks, COAE2016%, IPRE (Wang et al., 2019), and
SKE2020%. Among ED benchmarks, we use 3 En-
glish benchmarks CrudeQil News (Lee et al., 2021),

"https://github.com/InsaneLife/

2https: //github.com/Sewens/COAE2016

3https: //aistudio.baidu.com/datasetdetail/
177191
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Language YAYI-UIE IEPILE GLIiNER KnowCoder-X
Bamanankan 31.19 29.00 28.85 32.97
Ghomala 32.03 32.36 34.71 32.97
Ewé 63.01 57.83 64.64 66.05
Fon 30.05 29.73 30.58 31.86
Hausa 47.68 43.06 42.04 48.35
Igbo 37.14 37.54 36.08 38.75
Kinyarwanda 40.84 43.87 45.04 47.56
Luganda 46.74 53.13 48.59 58.04
Luo 44.04 48.02 39.04 49.89
Mossi 26.05 26.42 30.96 31.71
Chichewa 53.72 52.93 48.52 51.94
Nigerian-Pidgin 66.71 67.50 39.96 81.91
Shona 43.47 43.87 34.37 46.58
Swabhili 64.62 55.50 58.06 69.42
Setswana 51.45 54.05 39.83 56.97
Twi 35.62 45.69 28.54 51.10
Wolof 34.75 35.31 36.27 38.70
Xhosa 36.57 36.99 29.25 45.73
Yoruba 28.88 26.79 5.06 34.73
Zulu 38.07 34.61 28.34 36.50

Avg 42.63 4271 37.44 47.59M11.43%

Table 10: Results of cross-lingual evaluation on
MasakhaNER 2.0.

RAMS (Ebner et al., 2020), WikiEvents (Li et al.,
2021) and 2 Chinese benchmarks FewFC (Zhou
etal., 2021) and CCF law*.

Results Tables 11 and 12 show the zero-shot
performance in English and Chinese, respec-
tively. KnowCoder-X achieved SoTA perfor-
mance across all benchmarks in Chinese tasks,
demonstrating substantial and consistent improve-
ments in generalization ability. In English tasks,
KnowCoder-X exhibited a noteworthy average in-
crease of 4.24 points on the NER task. Similarly, in
Chinese tasks, KnowCoder-X surpassed existing
SoTA models on all benchmarks, achieving an av-
erage improvement of 3.29 points. Moreover, the
trends demonstrated in both Chinese and English
show that the most significant improvement occurs
in NER. We hypothesize that the NER alignment
training in the first phase is more challenging to
generalize to other IE tasks in out-of-domain sce-
narios, which leaves the introduction of RE and EE
alignment training to future work.

E Full Comparison of Supervised
Evaluation

We conduct a comprehensive supervised compar-
ison in English between KnowCoder-X and all
current SOTA methods, including monolingual IE
methods and multilingual IE methods under the
supervised setting in Tables 13, 14, and 15. In the
NER task, we demonstrate top-2 results across 14

4https ://aistudio.baidu.com/projectdetail/
4201483

Task Dataset GPT-4 YAYI-UIE IEPILE KnowCoder-X
Al - 52.40 - 65.04
Literature - 45.99 - 59.68
Music - 51.20 - 62.97
NER Politics - 51.82 - 63.65
Science - 50.53 - 62.29
Avg 58.49 50.39 55.55 62.73
RE FewRel 22.43 36.09 41.28 42.18
Wiki-ZSL 23.76 41.07 37.61 42.13
CrudeOil News  26.13 12.45 36.61 33.47
ED WikiEvents 5.24 10.97 9.12 12.59
RAMS 10.14 18.87 20.19 20.71
Avg - 38.02 37.14 42.26 46.47

Table 11: Results of zero-shot evaluation on English
Benchmarks. Results of GPT-4 are from Gui et al.
(2024)

Task Dataset GPT-4 YAYI-UIE IEPILE KnowCoder-X

NER Boson 48.15 49.25 55.77 59.58
Weibo 29.80 38.03 36.46 44.011
COAE2016  41.15 19.97 47.43 48.79

RE IPRE 18.15 22.97 29.76 32.43
SKE2020  56.77 70.80 72.50 7291

ED CCFLaw  42.12 12.87 63.53 68.90
FewEC 74.25 81.28 83.59 84.87

Avg - 44.34 42.17 55.58 58.78

Table 12: Results of zero-shot evaluation on Chinese
Benchmarks. T donates the result of Weibo using four
types following the setups of the two baseline models,
and the result for the eight types is 38.80.

(of 23) benchmarks; in the RE task, we achieve top-
2 results across 5 (of 8) benchmarks. Moreover,
particularly in the ED and EAE tasks, we rank
among the top-2 results across all benchmarks, fur-
ther substantiating the significant efficacy of our
method in multilingual IE.

Additionally, in the comparison of three bench-
marks DIANN (Zavala et al., 2018), Ontonotes
5 (Hovy et al., 2006), and WNUT 2017 (Derczyn-
ski et al., 2017), utilized by other English code-
based IE work (Sainz et al., 2024; Li et al., 2024b),
KnowCoder-X outperforms the other baselines,
which further demonstrated that cross-lingual align-
ment can enhance monolingual IE.

F Computational Resource Comparison

In the Universal IE Training Phase, we only train on
datasets of the supervised setting, which is the same
as the other baselines and necessary for fair com-
parison. Therefore, the additional computational re-
sources of KnowCoder-X are mainly from the IE
Cross-Lingual Alignment Phase. First, this is one
of our core contributions, which necessitates addi-
tional computational resources. Second, this phase
of training is highly efficient. In this phase, we
train the model for one epoch with 257k samples,
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Dataset BERT InsturctUIE IEPILE YAYI-UIE GoLLIE UniversalNER GLiNER KnowCoder GNER B2NER ‘ KnowCoder-X
ACE 2005 87.30 79.94 81.86 81.78 89.10 86.69 82.80 86.10 - 83.04 87.49
AnatEM 85.82 85.82 87.21 76.54 - 88.65 88.90 86.40 90.24 89.18 89.19
BC2GM 80.90 80.69 80.73 82.05 - 82.42 83.70 82.00 83.18 81.95 84.49
BC4CHEMD 86.72 87.62 90.45 88.46 - 89.21 87.90 - 89.40 88.96 89.57
BC5CDR 85.28 89.02 88.07 83.67 91.90 89.34 88.70 89.30 90.27  88.52 88.46
Broad Twitter | 58.61 80.27 83.52 - - 81.25 82.50 78.30 83.74 82.16 82.36
CoNLL 2003 92.40 91.53 92.49 96.77 92.90 93.30 92.60 94.10 93.60 92.56 94.69
FabNER 64.20 78.38 77.07 72.63 - 81.87 77.80 82.90 85.39 78.82 83.19
FindVehicle 87.13 87.56 98.49 98.47 - 98.30 95.70 99.40 98.62 97.89 99.47
GENIA 73.30 75.71 76.66 75.21 - 77.54 78.90 76.70 - 76.43 78.97
HarveyNER 80.20 74.49 67.70 69.57 - 74.21 - - 7473  73.67 73.91
MIT Movie 88.78 89.58 88.23 70.14 - 90.17 87.90 89.70 90.23 90.78 90.24
MIT Restaurant | 81.02 82.59 79.85 79.38 - 82.35 83.60 81.30 81.73 83.71 81.95
MultiNERD 91.25 90.26 94.60 88.42 - 93.73 93.80 96.10 94.30 93.98 95.94
NCBI 80.20 86.21 85.26 87.29 - 86.96 87.80 83.80 89.27 84.83 85.49
OntoNotes 91.11 88.64 87.04 87.55 - 89.91 - - 90.69 8431 87.91
Polyglot 75.65 53.30 70.85 - - 65.70 61.50 - 67.52 61.96 64.47
TweetNER7 56.49 65.90 66.99 - - 65.80 51.40 - 66.87 66.26 67.98
WikiANN 70.60 64.47 72.63 - - 84.91 83.70 87.70 86.87  85.07 84.69
WikiNeural 82.78 88.27 87.63 - - 93.28 91.30 - 93.71 93.01 87.79
OntoNotes 5 84.28 - - - 83.40 - - 88.20 - - 88.35
DIANN 82.05 - - - 84.10 - - 94.70 - - 94.71
WNUT 2017 36.16 - - - 53.70 - - 66.40 - - 68.72

Table 13: Full comparison of supervised evaluation on NER. The results of BERT on DIANN, OntoNotes 5, and

WNUT 2017 are from our implementation.

Dataset YAYI-UIE IEPILE InsturctUIE KnowCoder ‘ KnowCoder-X

Task  Dataset | BERT YAYI-UIE IEPILE KnowCoder | KnowCoder-X

ADE corpus 84.14 83.73 8231 84.30 84.45
CoNLL 2004 79.73 72.87 78.48 73.30 73.14
GIDS 72.36 74.71 76.90 78.00 76.19
kbp37 59.35 65.09 36.14 73.20 72.94
NYT 89.97 93.00 91.00 93.70 96.08
NYT11-HRL 57.53 53.19 56.06 - 56.79
SciERC 40.94 43.53 37.40 40.00 44.93
Semeval RE 61.02 58.47 73.23 66.30 64.79

Table 14: Full comparison of supervised evaluation on
RE.

which is considered a reasonable computational
cost. For comparison, the additional computational
resources required for the Schema Understanding
Training of KnowCoder is one epoch with 926k
samples (~4x). Meanwhile, KnowCoder even has
a large-scale pre-training phase.

G Data Statistics
G.1 ParalleINER

In this section, we mainly introduce the statistics
of ParalleINER, which is constructed from two
datasets WikiNeural (Tedeschi et al., 2021) and
CLUENER2020 (Xu et al., 2020). The detailed
statistics are shown in Table 16.

G.2 Dataset Statistics

In this work, we conduct evaluations on 64 datasets,
comprising 34 datasets for the NER task, 15
datasets for the RE task, 10 datasets for the ED task,
and 5 datasets for the EAE task. To fairly compare
with code-based methods, KnowCoder and GoL-

ACE2005 | 7250 6500 7246 74.2 73.57
ED CASIE | 6898  63.00  60.07 - 63.91
PHEE - 63.00 6322 - 67.03
ACE 2005 | 59.90 6271 63.90 70.30 69.95
EAE CASIE | 6037 6423  56.07 - 64.96
PHEE - 7719 7085 - 76.24

Table 15: Full comparison of supervised evaluation on
ED and EAE.

LIE in demonstrating the effectiveness of our cross-
lingual alignment, we also used PileNER (Zhou
et al., 2024) for training. The detailed statistics are
shown in Tables 17, 18, and 19, respectively.

H Examples

We present the examples of instruction-tuning data
for the IE cross-lingual alignment phase and the
multi-lingual IE training phase in Figure 2 and
Figure 3, respectively.

I Prompts

IE Parallel Data Construction Pipeline Using
en=>zh as an example, we introduce the prompts
we used in the IE parallel data construction pipeline
including three stages Joint Translation, Span
Rephrase, and Sentence Rephrase in Tables 22, 23,
and 24.
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#Source #Origin Language #Types #Instances #Train Num #Valid Num #Test Num #Total Num

WikiNeural En 3 149,011 92,720 11,590 11,597 115,907
CLUENER2020 Zh 10 19,720 10,000 1,343 1,345 12,688

Table 16: Statistics of Paralle]INER datasets.

#Dataset #Types | #Major Domain ‘ #Train  #Test ‘ #Train Num #Valid Num #Test Num
ACE2005 (Walker et al., 2006) 7 News v v 7,299 964 1,060
AnatEM (Pyysalo and Ananiadou, 2014) 1 Biomedical vV v 5,861 2,081 3,830
BC2GM (Kocaman and Talby, 2020) 1 Biomedical vV v 12,500 2,500 5,000
BC4CHEMD (Kocaman and Talby, 2020) 1 Biomedical v v 30,488 30,468 26,204
BC5CDR (Li et al., 2016) 2 Biomedical v v 4,560 4,581 4,797
Broad Twitter (Derczynski et al., 2016) 3 Social Media vV v 5334 2,000 2,001
CoNLL2003 (Sang and Meulder, 2003) 3 News v v 14,041 3,250 3,453
FabNER (Kumar and Starly, 2021) 12 Science v v 9,435 2,182 2,064
FindVehicle (Guan et al., 2024) 21 Traffic v v 21,547 20,777 20,769
GENIA (Kim et al., 2003) 5 Biomedical v v 15,023 1,669 1,854
HarveyNER (Chen et al., 2022) 4 Social Media v v 3,553 1,270 1,260
MIT Movie (Liu et al., 2019) 12 Social Media v v 9,774 2,442 2,442
MIT Restaurant (Liu et al., 2019) 8 Social Media v v 7,659 1,520 1,520
MultiNERD (Tedeschi and Navigli, 2022) 16 Wikipedia v v 134,144 10,000 10,000
NCBI (Dogan et al., 2014) 1 Biomedical v v 5,432 923 940
OntoNotes (Pradhan and Xue, 2009) 18 General v v 107,032 14,110 10,838
PolygtNER (Al-Rfou et al., 2014) 3 Wikipedia v v 393,941 - 10,000
TweetNER7 (Ushio et al., 2022) 7 Social Media v v 1,325 7,111 576
WikiANN (Pan et al., 2017) 3 Wikipedia v v 20,000 - 10,000
WikiNeural (Tedeschi et al., 2021) 3 Wikipedia v v 92,720 11,590 11,597
DIANN (Zavala et al., 2018) 1 Science vV v 3,900 975 1,334
OntoNotes5 (Hovy et al., 2006) 18 General v v 54994 7997 7782
WNUT 2017 (Derczynski et al., 2017) 6 General v v 3,394 1,008 1,287
PileNER (Zhou et al., 2024) 15,578 General v 45,883 - -
CrossNER_AI (Liu et al., 2021) 13 Al v 100 350 431
CrossNER_literature (Liu et al., 2021) 11 Literary v 100 400 416
CrossNER_music (Liu et al., 2021) 12 Musical v 100 380 465
CrossNER_politics (Liu et al., 2021) 8 Political v 199 540 650
CrossNER_science (Liu et al., 2021) 16 Scientific v 200 450 543
MSRA (Levow, 2006) 3 News v v 46,364 4,500 3,442
ResumeNER (Zhang and Yang, 2018) 8 News vV v 3,821 - 477
Weibo (Peng and Dredze, 2015) 8 Social media v 1,350 - 270
Boson® 6 News v - - 191
Multiconer(Malmasi et al., 2022b) 6 News v - - 51,793
MasakhaNER 2.0(Adelani et al., 2022) 4 News v - - 30,538

Table 17: Statistics of NER datasets.
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#Dataset #Types ‘ #Major Domain ‘ #Train #Test ‘ #Train Num #Valid Num #Test Num
ADE corpus (Gurulingappa et al., 2012) 5 Biomedical v v 3417 427 428
CoNLL 2004 (Roth and Yih, 2004) 5 News v v 922 231 288
GIDS (Jat et al., 2018) 4 News v v 8526 1417 4307
NYT (Riedel et al., 2010) 24 News v v 56,196 5000 5000
NYTI11 (Takanobu et al., 2018) 12 News v v 60765 - 362
kbp37 (Zhang and Wang, 2015) 18 News v v 15917 1724 3405
SciERC (Luan et al., 2018a) 7 Scientific v v 1861 275 551
semeval RE (Hendrickx et al., 2010) 10 Scientific v v 6507 1493 2717
FewRel (Han et al., 2018) 100 Wikipedia v - - 17291
Wiki-ZSL (Chen and Li, 2021) 83 Wikipedia v - - 23113
DulE2.0 (Luan et al., 2018b) 48 News v v 171126 20652 -
CMelE (Guan et al., 2020) 53 Biomedical v v 14339 3585 -
COAE2016° 9 General v - - 971
IPRE (Wang et al., 2019) 35 General v - - 3340
SKE20207 49 News v - - 3601

Table 18: Statistics of RE datasets. Since the test set for DulE2.0 is not open-sourced, we use the valid set as our

evaluation data.

#Dataset #Types | #Major Domain ‘ #Train #Test ‘ #Train Num #Valid Num #Test Num
ACEOS5 (Walker et al., 2006) 33 News v v 19216 901 676
CASIE (Satyapanich et al., 2020) 5 Cybersecurity v v 3732 77 1492
PHEE (Sun et al., 2022) 2 Biomedical v v 2897 960 968
CrudeOilNews (Lee et al., 2021) 18 Oil News v - - 356
RAMS (Ebner et al., 2020) 106 News v - - 887
WikiEvents (Li et al., 2021) 31 Wikipedia v - - 249
DuEE1.0 (Li et al., 2020b) 65 News v v 11908 1492 -
DuEE-fin (Han et al., 2022) 13 Finance v v 7015 1171 -
CCF_law® 9 Law v - - 971
FewFC (Zhou et al., 2021) 5 Finance v - - 2879

Table 19: Statistics of EE datasets. Since the test sets for DuEE1.0 and DuEE-fin are not open-sourced, we use the

valid sets as our evaluation data.
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1 Instruction

2

3 # The following is an example of Chinese Named Entity Recognition (NER) in an object-oriented
programming paradigm. In this example, several entity classes are defined, and then objects
of these classes are instantiated to correspond with the entities in the given sentence.

i}

5 # Please study this example and complete the English NER task accordingly.

6

7 # Input (Chinese NER):

8 class Entity:

9 non

10 R ZfE (Entity) BHRRTERNNR, DA, R, AR, =K%, IMBEIANBRRT: ERTNEHR
R, tWAIARYEFEN. EntityX2MAETARERINES,

11 e

12 def _init_ (self, name: str):
13 self.name = name

14

15 class Location(Entity):

16 e

17 R MIRSEAR, T, EREFMEMR,
18 BlF: “EE", “EE", “ER7, “BER", AN, “FFREFEFMNERERY, “FEHEERY, “EHEHT, “XE",

“IFIBEIM
19 non
20 pass
21

22 sentence = "SMELLWEBEFREZESRALEATEFH, HAEBSEIUREFREMERMTE; FIRERITN
HEDTABRRIP= @, EBERE, ESNHA, FE, RUSENEAH@E., "

23

24 # Output (Chinese NER):

25 results = [

26 Location("SHMELEIL")

27 1

28

29 # Input (English NER):

30 class Entity:

31 L

32 Description: An entity is a real-world object, such as a person, place, organization,
product, etc., which can be represented by an appropriate name; it can be abstract or
physically existent. The Entity class is the base class of all entity classes.

33 b

34 def _init_ (self, name: str):

35 self.name = name

36

37 class Location(Entity):

38 e

39 Description: Geographical entities such as cities, countries or any identifiable physical
place.

ue Examples: "United States", "Germany", "London", "Japan", "New York", "Kildeer ,
Illinois", "Savignone", "Kinbrace", "US", "CA".

u1 DO

u2 pass

u3

44 sentence = "Colombia has begun to innovate in military technology for its army and other

armies of the world ; especially in the design and creation of personal ballistic protection
products , military hardware , military robots , bombs , simulators and radar ."

u5

ue6 Completion

u7

u8 # Output (English NER):

49 results = [

50 Location("Colombia™)

51 ]

Figure 2: An example of instruction-tuning data for the IE cross-lingual alignment phase.

14504



1 Instruction

2

3 class Entity:

LI' nnn

5) Description: An entity is a real-world object, such as a person, place, organization,

product, etc., which can be represented by an appropriate name; it can be abstract or
physically existent. The Entity class is the base class of all entities.

6 nnn

7 def _init__(self, name: str):

8 self.name = name

9

10 class Organization(Entity):

11 nnn

12 Description: Each organization or set of organizations mentioned in a document gives rise

to an entity of type Organization. An Organization must have some formally established
association. Typical examples are businesses, government units, and sports teams. Industrial
sectors are also treated as Organizations.

13 Examples: "Reuters", "U.N.", "NEW YORK", "CHICAGO", "OSCE", "Bloomsbury Minerals
Economics", "Eurostat", "Philip Morris", "AD", "3".

14 Ll

15 pass

16

17 class Person(Entity):

18 Ll

19 Description: First, middle and last names of people, animals and fictional characters
aliases.

20 Examples: "Clinton", "Dole", "Arafat", "Yeltsin", "Dutroux", "Mariaan de Swardt", "Ronald
Waterreus", "MITCHELL", "Das", "BAN".

21 e

22 pass

23

24 class Location(Entity):

25 e

26 Description: Locations defined on a geographical or political basis which are mentioned

in a document. These include, for example, China, the U.S., the Hudson River, Mt. Everest.
However, ("Chinese", and "Syrian") are not entities.

27 Examples: "U.S.", "Germany", "Britain", "Australia", "England", "RIO DE JANEIRO",
"Acatepec", "Yemen", "IA", "IL".

28 nnn

29 pass

30

31 non

32 This is an object-oriented programming task: For DATASET "CoNLL20O3-NER", some Entity Classes
are defined above. Please instantiate all the corresponding Entity Objects in the following
sentence.

33 nne

34

35 sentence = "Coste said he had approached the player two months ago about a comeback ."

36

37 Completion

38

39 results = [

ue Person("Coste")

41 ]

Figure 3: An example of instruction-tuning data for the multilingual IE training phase.
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PROMPT FOR DESCRIPTION INITIALIZATION.

# Writing Entity Descriptions

## Introduction

This guide provides a step-by-step process for writing a clear, concise, and accurate description of an
entity type based on a provided list of examples. The objective is to generalize the shared character-
istics of the examples without referencing any specific instance, giving a broad and comprehensive
understanding of the entity type.

## Prerequisites

Before you begin, make sure you have the following:

- **Entity Type**: The name of the entity type that requires a description.

- **Entity List**: A set of examples representing this entity type.

- **Basic Description**: While not mandatory, familiarity with the general concept of the entity
type could be beneficial.

## Step-by-Step Instructions

### Step 1: Begin with the Required Phrase

Each description should start with:

**[Entity Type] refers to**

This ensures consistency across all descriptions. Replace **[Entity Type]** with the actual type
name.

### Step 2: Generalize the Shared Characteristics
- Review the **Entity List** to identify common traits among all examples.

- Avoid referring to specific examples directly. Generalize to cover the entire group.
- Example: If the list includes various vehicles (cars, trucks), the description should focus on common

traits such as modes of transportation designed for movement.

### Step 3: Provide Comprehensive Coverage

- The description should encapsulate all critical aspects represented in the example list, accounting
for any outliers or unusual cases.

- Example: If the list includes motorized vehicles and non-motorized bicycles, ensure the description
covers both.

### Step 4: Output the Description

- After completing the description, present it without referencing explicit examples. It should
summarize the entity type in a single, generalized statement.

- If you want to revise the description, output the modified description in the format.

## Conclusion

By following these steps, you will create an accurate, clear, and generalized description of an entity
type. Start with the required phrase, focus on generalization, and keep the language simple yet
precise.

[Input and Output]

Table 20: Prompt for Description Initialization.

14506



PROMPT FOR DESCRIPTION POLISH.

# Evaluating and Revising Entity Description

## Introduction

This guide provides a systematic approach to evaluate whether a given description accurately
represents the characteristics of an entity type. If the description is accurate and complete, no
revision is necessary. However, if inaccuracies or omissions exist, revisions are required to ensure
clarity and consistency in classifying entities.

## Step-by-Step Instructions

### Step 1: Analyze the Entity Type Description

- Carefully review the **entity type description** provided.

- Example: For the entity type “Animal,” the description may include “living organisms that move,
breathe, and consume organic matter.”

### Step 2: Analyze the Entity
- Review the specific entity’s characteristics, noting its unique features.
- Example: If the entity is “dog,” note traits like “mammal, four-legged, domesticated, etc.”

### Step 3: Evaluate the Description’s Accuracy and Completeness
- Compare the entity type description with the entity’s characteristics.
- Does the description fully encompass the defining features of the entity?
- Are any characteristics missing or misrepresented?
- Check for completeness:
- Does the description cover all essential traits necessary for classification?
- Verify accuracy:
- Are the described attributes factually correct?

### Step 4: Revise the Description (if necessary)
- If the description is incomplete or inaccurate, revise it to reflect the entity’s correct characteristics.
- Ensure the revised description is clear, precise, and free from ambiguities.

## Conclusion
Following these steps will ensure each entity’s description is both accurate and comprehensive. This
process maintains clarity and consistency in classifying entities under their respective types.

## Input
Entity Type: {entity_type}
Entity Example List: {entity_example_list}

## Example Template for Output

Entity Type: {entity_type}

Entity Example List: {entity_example_list}

Entity Type Description: "{entity_type} refers to..."(in the language of the Entity list)

Table 21: Prompt for Description Polish.
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PROMPT FOR JOINT TRANSLATION.

Translate the sentence and spans from English to Chinese.

Please follow these guidelines:

1. Translate each span considering the context of the sentence.

2. Ensure the number of spans after translation matches the original number of spans.
3. When outputting spans, ensure only to output the translation of each span.

The following is a few examples:

[English]

"sentence": "The EU rejected Germany’s call for a boycott of British lamb."
"spans": ["EU"]

[Chinesel]

"sentence": "BX MAE LR B F T M A KRB FA - "

"spans": ["BX H"]

[English]

"sentence": "FM involves 2 - 4.7% of the general population.”
"spans": []

[Chinese]

"sentence": "FM #°A T2 -4.7% &9-&@ A% . "

"spans": []

[English]

"sentence": "4000 guests from home and abroad attended the opening ceremony."
"spans": ["home", "abroad"]

[Chinese]

"sentence": "4000% k B B AFENG R BB T HARK . "

"spans": ["E A", "E "]

Please translate the following sentence and spans:
[English]

"sentence": "{src_sentence}"

"spans": [{src_spans}]

[Chinese]

Table 22: Prompt for Joint Translation.
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PROMPT FOR SPAN REPHRASE.

Please find the Chinese span corresponding to the English span in the Chinese sentence.

Please follow these guidelines:
1. Only find the span in the Chinese sentence that corresponds to the English span.
2. Ensure that the Chinese span must be semantically consistent with the English span.

The following is an example:

[English]
"sentence": "Siemens invested 800 million US dollars to complete the electric power plant project.”
"Spans": [llUSll]

[Chinese]
"sentence": "B FE T T EALLRT AT A . "
"SpanS"Z [H%H]

Please find the corresponding span in the Chinese sentence:
[English]

"sentence": "{src_sentence}"

"spans": [{src_span}]

[Chinese]

"sentence": "{tgt_sentence}"

"spans":

Table 23: Prompt for Span Rephrase.

PROMPT FOR SENTENCE REPHRASE.

Please translate the following sentence from English to Chinese.

Please follow these guidelines:
1. Ensure that the translation includes the following spans: [{tgt_lang_spans}].

2. If the target sentence is semantically inconsistent with the source sentence, return "modification
failure".

[English]
"sentence": "{src_sentence}"
[Chinese]

"sentence":

Table 24: Prompt for Sentence Rephrase.
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