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Graphical abstract

For example:
Input:
              The give sentence 1 is : Samantha is a talented pianist.
              The give sentence 2 is : …
Given the list of en�ty types: [person-other,…]
Which en��es are contained in each sentence from sentence 1 to n 
that belong to one of the given types?
Output:
               sentence 1 has the answer : [('s a m a n t h a', 'person-other’)]
               sentence 2 has the answer : 

Based on the above informa�on. Now given the following sentences:
Input: ….
Given the list of en�ty types: [person-other,…]
Which en��es are contained in each sentence from sentence 1 to n 
that belong to one of the given types?
Output:

The task is to extract that match one of the given type list from the 
given sentence.

### Demonstra�on Examples & Candidate En�ty Types

### Input Text & Candidate En�ty Types

### Task Defini�on

Please provide the answer in the format:
              sentence id has the answer : [('chosen en�ty', 'chosen type')]

### Output Format

Here are some examples for each rela�on:
Example1:
 Sentence: Leibniz was a member of the 
                    Prussian Academy of Science.
 En��es: ‘Leibniz’ and ‘the Prussian 

 Academy of Science’ 
 Rela�on: member of
Example2:

Based on the above informa�on. Now given the 
sentence and en��es below, determine the rela�on 
between the en��es.

The task is to iden�fy the rela�on between two 
en��es in a sentence and determine which one of the 
given rela�ons best describes their rela�onship.   

Given rela�ons: 
 [employer, member of,…]  

Please provide the answer in the format:
 Rela�on: (chosen rela�on)

### Output Format

### Demonstra�on Examples

### Input Text 

### Task Defini�on

### Candidate Rela�ons

[('entity span', 'entity type') ]

[('entity span', 'entity type') ]

...

'relation name'

The overall framework of the augmented prompting method for information extraction using large language models.

Public summary
■ Validating large language models’ (LLMs’) potential in information extraction: This study systematically evaluates the
capability of LLMs in performing information extraction tasks via prompt strategies, providing the first empirical evid-
ence for their practical application in this field.

■ Pioneering structured interactive prompting methods: We propose three novel prompting methods (SFP/SIRP/VESIRP)
tailored for information extraction, leveraging structured guidance and interactive reasoning to enhance prediction accur-
acy. VESIRP further introduces a voting mechanism for robust decision-making.

■ Achieving breakthroughs in few-shot & zero-shot learning: On the FewNERD benchmark, our approach achieves com-
petitive results on the FewNERD benchmark for both zero-shot and few-shot named entity recognition, offering an effi-
cient solution for low-resource information extraction.
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Abstract: Information extraction (IE) aims to automatically identify and extract information about specific interests from
raw texts. Despite the abundance of solutions based on fine-tuning pretrained language models, IE in the context of few-
shot  and  zero-shot  scenarios  remains  highly  challenging  due  to  the  scarcity  of  training  data.  Large  language  models
(LLMs),  on the other hand,  can generalize well  to unseen tasks with few-shot demonstrations or even zero-shot  instruc-
tions  and  have  demonstrated  impressive  ability  for  a  wide  range  of  natural  language  understanding  or  generation  tasks.
Nevertheless,  it  is  unclear,  whether such effectiveness can be replicated in the task of IE, where the target tasks involve
specialized schema and quite abstractive entity or relation concepts. In this paper, we first examine the validity of LLMs in
executing  IE  tasks  with  an  established  prompting  strategy  and  further  propose  multiple  types  of  augmented  prompting
methods, including the structured fundamental prompt (SFP), the structured interactive reasoning prompt (SIRP), and the
voting-enabled structured  interactive  reasoning  prompt  (VESIRP).  The  experimental  results  demonstrate  that  while   dir-
ectly promotes inferior performance, the proposed augmented prompt methods significantly improve the extraction accur-
acy, achieving comparable or even better performance (e.g., zero-shot FewNERD, FewNERD-INTRA) than state-of-the-
art methods that require large-scale training samples. This study represents a systematic exploration of employing instruc-
tion-following LLM for the task of IE. It not only establishes a performance benchmark for this novel paradigm but, more
importantly, validates a practical technical pathway through the proposed prompt enhancement method, offering a viable
solution for efficient IE in low-resource settings.
Keywords: prompt  learning;  natural  language  processing;  few-shot  information  extraction;  zero-shot  information
extraction
CLC number: TP391                 Document code: A

  
1    Introduction
In  recent  years,  the  field  of  natural  language  processing
(NLP) has undergone significant research advancements, with
information  extraction  (IE)  garnering  substantial  attention  as
one of  the  key  NLP  tasks.  IE  aims  to  extract  structured   in-
formation, such as named entities[1] and entity relationships[2],
from unstructured texts. However, traditional IE methods typ-
ically  require  a  large  amount  of  annotated  data  for  model
training, and in real-world applications, collecting and annot-
ating such large-scale datasets is a time-consuming and costly
task.  Additionally,  real-world  scenarios  often  involve  few or
even zero-shot situations, where information extraction needs
to be performed with very limited samples. Consequently, the
introduction of few-shot and zero-shot information extraction
methods has become highly necessary.
Few-shot IE aims to identify novel named entities[3] or en-

tity  relations[4]  on the  basis  of  limited  sample  data,  i.e.,   sup-
port examples. On the other hand, zero-shot IE aims to recog-
nize  novel  named  entities[5]  or  entity  relations[6]  without  any
labeled  examples.  Since  zero-shot  IE  involves  minimal

human  intervention,  it  poses  even  greater  challenges  than
does  few-shot information  extraction.  Investigating  these   is-
sues can help overcome limitations such as data scarcity and
high annotation  costs,  further  advancing  the  widespread   ap-
plication of natural language processing techniques in practic-
al scenarios.
In  recent  years,  transfer  learning[7],  meta-learning[8],  and

zero-shot  learning[9,10]  methods  have  been  widely  applied  to
address  the  challenges  of  few-shot  and  zero-shot  IE  tasks.
These  methods  involve  pretraining  on  large-scale  data  and
then  fine-tuning  the  pretrained  language  model  to  adapt  its
knowledge to few-shot or zero-shot tasks, aiming to enhance
information  extraction  performance.  However,  due  to  the
scarcity  of  training  data,  information  extraction  in  few-shot
and  zero-shot  scenarios  remains  challenging.  Additionally,
the large  language  models  (LLMs)  have  demonstrated   im-
pressive  generalizability  in  various  natural  language
understanding[11]  and  generation[12]  tasks,  even  when  unseen
tasks  with  few-shot  demonstrations  or  zero-shot  instructions
are handled. However, the applicability of such effectiveness
to IE tasks remains uncertain. IE tasks differ from traditional
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natural  language  understanding  tasks  in  which  they  require
accurate recognition  and  extraction  of  information  in   com-
plex  and  diverse  contexts.  Moreover,  in  few-shot  and  zero-
shot  IE  scenarios,  comprehensive  assessments  are  required
for  model  learning,  generalization,  reasoning,  and  inductive
abilities.  In  conclusion,  while  LLMs  excel  in  broad  natural
language understanding and generation tasks, replicating their
effectiveness in IE tasks remains a challenge.
Researches[13–15]  have  shown  that  combining  LLMs  with

prompt  methods  performs  well  in  various  downstream  NLP
tasks.  However,  a  significant  performance  gap  still  exists
compared  with  the  state-of-the-art  (SOTA)  results.  In  this
paper, we first  validate the effectiveness of LLMs in execut-
ing  few-shot  and  zero-shot IE  tasks  via  established   prompt-
ing  strategies[16].  However,  owing  to  the  complexity  of  such
tasks, using LLMs directly results in mismatched and inaccur-
ate outputs,  which  fail  to  achieve  desirable  results.  To   ad-
dress  this  issue,  we  propose  and  optimize  three  methods.
First, we employ the structured fundamental prompt (SFP) to
provide task-specific structured information, guiding LLMs to
better understand context and semantics, improving perform-
ance. Second, we utilized the structured interactive reasoning
prompt  (SIRP)  to  increase  the  model’s  reasoning  ability
through  multi-turn conversations,  further  enhancing  its   per-
formance.  Finally,  we  introduced  the  voting-enabled  struc-
tured  interactive  reasoning  prompt  (VESIRP)  to  increase
model  robustness  and  structural  consistency  and  reliability
through a multi-round voting mechanism. These methods aim
to  enhance  LLMs performance  in  few-shot  and  zero-shot  IE
tasks. The experimental results demonstrate that these prompt
methods achieve comparable or even superior performance to
SOTA  methods  requiring  large-scale  training  samples  (e.g.,
zero-shot  FewNERD[17],  FewNERD-INTRA).  Through  in-
depth research and comparison of these prompt methods, we
aim to bridge the performance gap between LLM and SOTA
in few-shot and zero-shot IE tasks, providing robust theoretic-
al  and  empirical  evidence  for  improving  the  performance  of
few-shot  and  zero-shot  IE  tasks.  The  main  contributions  of
our work are summarized as follows:
(Ⅰ) This  study  validates  the  effectiveness  of  large   lan-

guage  models  (LLMs)  in  executing  IE  tasks  via  established
prompt strategies, demonstrating their potential application in
the field of information extraction.
(Ⅱ) To enhance the performance of the model in IE tasks,

we  propose  various  prompt  methods,  including  structured
fundamental  prompt  (SFP),  structured  interactive  reasoning
prompt  (SIRP),  and  voting-enabled  structured  interactive
reasoning prompt  (VESIRP).  These  prompt  methods  are   de-
signed to accommodate the characteristics of information ex-
traction  tasks  and  provide  guidance  for  accurate  prediction
and extraction.
(Ⅲ) The  experimental  results  demonstrate  that  our  meth-

ods achieve SOTA performance in zero-shot named entity re-
cognition  on  the  FewNERD  dataset  and  in  few-shot  named
entity recognition on the FewNERD INTRA dataset. This in-
dicates the significant advantages of our methods in address-
ing few-shot and zero-shot IE tasks, yielding highly competit-
ive results. 

2    Related works
In this section, we briefly summarize the related work in vari-
ous aspects.

Few-shot  information  extraction.  Few-shot  IE  refers  to
the concept of performing information extraction tasks with a
limited  number  of  samples  (usually  only  a  few  or  even  just
one  example).  In  the  early  stages  of  research,  transfer
learning[7]  and  meta-learning[8]  provided  crucial  avenues  for
the development of few-shot IE. These methods involve pre-
training  models  on  large-scale  datasets  and  then  fine-tuning
them to adapt to tasks with scarce samples, resulting in initial
successes.  Pretrained  language  models  (LMs)[18],  such  as
BERT[19], GPT[20,21], and RoBERTa[22], are pretrained with self-
supervised[23] objectives and subsequently fine-tuned[24,25] to ef-
fectively  transfer  their  learned  rich  semantic  representations
to  information  extraction  datasets.  Similarly,  sequence-to-
sequence  models,  such  as  T5[26],  BART[27],  and  GLM[28],  ad-
dress  few-shot information  extraction  tasks  through   tech-
niques like data augmentation and fine-tuning[29].
In the domain of few-shot named entity recognition (NER)

for few-shot IE, several approaches have been proposed. Pro-
toBERT[30]  adopts  an  averaging approach over  all  samples  in
the  support  set  for  each  class  to  calculate  entity  prototypes.
Classic  classification  is  performed  through  nearest-neighbor
classification  on  the  basis  of  the  the  distance  between  query
instances and prototypes. NNShot[31] determines the label of a
query instance through the character-level  distance.  Building
upon  NNShot,  StructShot[31]  further  enhances  classification
performance  by  incorporating  an  additional  Viterbi  decoder.
CONTaiNER[32]  introduces  a  contrastive  learning  method
aimed at  optimizing  the  distributional  distance  between   la-
bels in few-shot NER tasks. MeTNet[33] introduces the concept
of adaptive  boundaries  and  designs  an  improved  triplet   net-
work for each entity type to predict labels for query instances.
ESD[34] employs various proto-based attention mechanisms to
enhance model performance. DecomMETA[35] addresses few-
shot span detection and entity type classification sequentially
through meta-learning, resolving challenges in few-shot NER.
SpanProto[36] transforms sequential labels into a global bound-
ary matrix and utilizes prototype learning to capture semantic
representations.
In the domain of few-shot relation extraction (RE) for few-

shot  IE,  several  approaches  exist.  ProtoNet[4]  learns  a  metric
space by calculating the distance to prototype representations
for  each  category,  facilitating  effective  classification.  The
MTB[37] model employs the insertion of markers and position-
al embeddings around target entities in sentences to label en-
tities involved in the relation to be determined. Furthermore,
it  replaces  entities  with  a  [BLANK]  symbol  with  a  fixed
probability,  directing the model’s  attention to the analysis  of
the relationship between the two entities in the sentence. The
BERT-PAIR[25] model concatenates two text segments to form
an input sequence, which is then encoded by BERT and clas-
sified via an additional fully connected layer. MLMAN[38] is a
multi-level  matching  and  aggregation  network  designed  for
few-shot relation  classification  tasks,  encoding  query   in-
stances and each support set in an interactive manner.

Zero-shot  information  extraction.  Zero-shot  IE  refers  to
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performing IE tasks without the presence of sample instances,
leveraging  the  existing  knowledge  of  the  model.  Initially,
methods for zero-shot IE predominantly employed distant su-
pervision[39],  and  rule-based[40,41]  approaches  to  achieve  cross-
domain  information  extraction.  However,  in  recent  years,
with  the  rise  of  pretrained  language  models  such  as  BERT
and GPT, a range of innovative techniques have emerged, in-
cluding  template-based  question  generation[10,42],  generative
models[43],  and  graph  neural  networks[44].  Moreover,  transfer
learning  strategies  such  as  multi-task  learning[45]  and  meta-
learning[46]  have  been  introduced  to  enhance  the  model’s  ad-
aptability in unfamiliar domains by sharing knowledge across
multiple  tasks.  Concurrently,  some  studies  have  focused  on
integrating external information sources[47] such as knowledge
graphs  to  improve  zero-shot IE  performance.  This   techno-
logy not only holds potential applications in traditional entity-
relation extraction but also contributes to information retriev-
al and question-answering domains.

Prompt learning. Prompt learning aims to guide the learn-
ing and reasoning process of models through the design of ef-
fective prompts. Its objective is to reduce reliance on a large
amount of annotated data by designing appropriate prompts to
facilitate  learning  for  specific  tasks.  The  earliest  prompt
learning  methods  can  be  traced  back  to  rule-based  system
approaches[48]. With the development of deep learning models,
there  have  been  emerging  techniques  such  as  PET[49],  which
uses  manually  designed  hard  prompts,  and  methods  that
leverage  automatically  generated  soft  prompts[50].  Following
the release of GPT-3.5, various NLP tasks have been tackled
using  GPT-3.5 combined  with  prompt  learning  methods,   in-
cluding zero-shot  information  extraction  by  Gao et  al.[51]  and
stance detection by Zhang et al[52]. 

3    Task definition
In  this  study,  we  focus  on  the  tasks  of  NER  and  RE  in  the
field  of  IE.  NER  aims  to  accurately  identify  and  extract  the

named  entities  and  their  corresponding  predefined  entity
types in  the  sentence.  On  the  other  hand,  RE aims  to  accur-
ately  identify  and  extract  predefined  relation  types  between
given entity pairs.
Specifically,  we  adopt  the  N-way  K-shot  setting  for  both

few-shot NER and few-shot RE in this study. An example of
a  2-way 1-shot  NER and RE problem is  shown in Fig. 1.  In
each  input  task,  there  is  a  support  set  and  a  query  set.  The
support set serves as the learning data for the model, provid-
ing N predefined types with K-labeled samples for each type.
The query set contains samples that the model needs to recog-
nize and predict. 

4    Methods
This paper  proposes  several  enhanced  prompt  methods,   in-
cluding the  structured  fundamental  prompt  (SFP),  the   struc-
tured  interactive  reasoning  prompt  (SIRP),  and  the  voting-
enabled structured interactive reasoning prompt (VESIRP), in
addition to  established prompt  strategies  to  improve the  per-
formance of LLMs in few-shot and zero-shot IE tasks. 

4.1    Structured fundamental prompt
On the basis of preliminary experimental results, we find that
LLMs enhances the performance of IE tasks by learning rich
semantic  knowledge.  Considering  the  requirements  of  input
and  output  for  IE  tasks  and  the  characteristics  of  LLMs,  we
devised a structured fundamental prompt (SFP). This prompt
integrates various  components,  such  as  task  definition,   can-
didate categories, demonstration samples, output formats, and
input texts, via natural language expressions. Through this in-
tegration approach,  we  aim  to  better  meet  the  task   require-
ments  and  leverage  the  capabilities  of  LLMs to  improve  the
effectiveness of information extraction. Fig. 2 presents a straig-
htforward  example  of  the  SFP  employed  for  both  few-shot
NER and few-shot RE.
For  the  SFP  of  few-shot  NER,  the  task  is  defined  as

 

Support Set

It then later screened at the Rhode Island Interna�onal 
Film fes�val[Event-other].

Samantha[Person-other] is a talented pianist.

En��es: 
Event-other: Rhode Island Interna�onal Film fes�val
Person-other: Samantha

Query Example

Expec�ng Outputs:

Folger was murdered, in 1969, by followers of Charles 
Manson.

John works as a so�ware engineer at Apple Inc.

Event-other: Folger,  Charles Manson 
Person-other: John

Support Set

Leibniz was a member of the Prussian Academy of Science.

Google hired Sundar Pichai as its CEO.

Rela�ons: 
( member of,  Leibniz,  the Prussian Academy of Science )

( employer,  Sundar Pichai,  Google )

Query Example

Expec�ng Outputs: 

Euler was elected a foreign member of the Royal Swedish 
Academy of Sciences.

Apple recruited Tim Cook to serve as its CEO.

( member of ,  Euler,  the Royal Swedish Academy of Sciences )
( employer,  Apple,  Tim Cook )

Fig. 1. Examples of a 2-way 1-shot IE task. On the left, it demonstrates a 2-way 1-shot NER task, where a support set with two target entity types, each
linked to a single labeled entity, is provided. The aim is to identify entities within a query set. On the right, it showcases a 2-way 1-shot RE task. Differ-
ent colors represent distinct entities; Red signifies the head entity, and blue denotes the tail entity. A support set contains two target relations, each associ-
ated with a single entity pair. The goal is to identify the relationships between specified entity pairs in the query set.
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identifying  entities  in  sentences  that  belong  to  the  expected
entity type set. The candidate categories represent the expec-
ted entity  type set,  and the demonstration samples consist  of
the  support  set  information  in  the  few-shot  NER.  The  input
text  refers  to  the  query  set  samples.  To  achieve  the  goal  of
NER, the model needs to output the spans of entities and their
corresponding  entity  types.  We  adopt  a  question-answering
format to construct this SFP, which addresses the complexity
of  NER. In  the  design process,  we incorporate  the  candidate
entity types into the premise of the question-answering format
to help  the  LLM better  understand  the  task  objective.  Addi-
tionally, since each task in our dataset has a large number of
support set  and query set  samples,  and after  multiple experi-
ments, we have observed that the LLM has difficulty in out-
putting results in the input order. To address this issue, we in-
troduce natural language numbering, which requires the LLM
to output results according to the assigned numbers, ensuring
that each input sentence has a corresponding output. The left
portion of Fig. 2 illustrates a simple example of this task.
For the SFP of zero-shot NER, we modify the SFP of few-

shot  NER  by  removing  the  demonstration  samples,  aligning
with the requirements of zero-shot NER.
Furthermore,  many  methods  for  few-shot  NER  that  are

based on fine-tuning pretrained language models  address  the
label dependency  issue  by  decomposing  NER  into  two   sub-
tasks:  entity  span  extraction  and  entity  classification.  In  this
study, we  delve  deeper  into  the  effectiveness  of  this  decom-
position  strategy  and  its  implementation  through  the  use  of
prompts.  Notably,  most  fine-tuning  methods  for  pretrained
language models approach few-shot NER in the order of “ex-
tract  entity  spans  first,  then  perform  entity  classification”.

However, our proposed methods, which leverage LLMs com-
bined with prompt learning, challenge this traditional order by
first identifying potential entity types in a given sentence and
subsequently  extracting  the  corresponding  entity  spans.
Hence, the SFP for few/zero-shot NER encompasses the fol-
lowing two novel approaches:
(Ⅰ)  Entity  span  extraction  followed  by  candidate  entity

classification (SFP-1).
(Ⅱ) Identification of entity types followed by extraction of

the corresponding entity spans (SFP-2).
These two  prompts  merely  involve  changing  the  task   ob-

jective and the questioning approach on the basis of the SFP
of  few/zero-shot  NER.  Fig. 3  provides  a  simple  example  of
this method.
For the SFP of few-shot RE, the task is defined as determ-

ining the specific relation type among a given set  of relation
types for a given entity pair in a sentence. The candidate cat-
egories  represent  the  expected  set  of  relationship  types,  and
concrete relationship names are used instead of abstract rela-
tionship labels in the dataset. The support set in the few-shot
RE  serves  as  a  demonstration  sample  to  provide  the  LLM
with knowledge of the relationship types.  To standardize the
output format of the model and facilitate the learning of rela-
tionship  types,  we  employ  a  format  similar  to  “Sentence:  ...
Entities:  ...  Relation:  ...”  in  the  demonstration  samples.  The
query set samples in the few-shot RE are used as input texts.
The  right  portion  of  Fig. 2  shows  a  simple  example  of  this
task.
For the SFP of zero-shot RE, the premise is the absence of

any  learnable  samples,  so  the  demonstration  samples  in  the
SFP of  few-shot  RE can be removed directly to  serve as  the

 

For example:
Input:

The give sentence 1 is : Samantha is a talented pianist.
The give sentence 2 is : …

Given the list of en�ty types: [person-other,…]
Which en��es are contained in each sentence from sentence 1 to 
n that belong to one of the given types?
Output:

sentence 1 has the answer : [('samantha', 'person-other’)]
sentence 2 has the answer : 

Based on the above informa�on. Now given the following sentences:
Input: ….
Given the list of en�ty types: [person-other,…]
Which en��es are contained in each sentence from sentence 1 to n 
that belong to one of the given types?
Output:

The task is to extract that match one of the given type list from the 
given sentence.

### Demonstra�on Examples & Candidate En�ty Types

### Input Text & Candidate En�ty Types

### Task Defini�on

Please provide the answer in the format:
sentence id has the answer : [('chosen en�ty', 'chosen type')]

### Output Format

Here are some examples for each rela�on:
Example1:

Sentence: Leibniz was a member of the 
Prussian Academy of Science.

En��es: ‘Leibniz’ and ‘the Prussian 
Academy of Science’ 

Rela�on: member of
Example2:

Based on the above informa�on. Now given the 
sentence and en��es below, determine the rela�on 
between the en��es.

The task is to iden�fy the rela�on between two 
en��es in a sentence and determine which one of 
the given rela�ons best describes their rela�onship.   

Given rela�ons: 
[employer, member of,…]  

Please provide the answer in the format:
Rela�on: (chosen rela�on)

### Output Format

### Demonstra�on Examples

### Input Text 

### Task Defini�on

### Candidate Rela�ons

Fig. 2. Examples of a structured fundamental prompt (SFP) for few-shot IE, the left side presents an SFP example for few-shot NER, while the right side
presents an SFP example for few-shot RE. The examples of SIRP, VESIRP, and SFP share similarities, with specific distinctions elucidated in the details
of Sections 4.2 and 4.3 for reference.
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structured fundamental prompt for zero-shot RE. 

4.2    Structured interactive reasoning prompt
With the  increase  in  model  size,  researches  have shown that
the inference  capability  of  the  model  also  improves.  To   fur-
ther  enhance  the  performance  of  few/zero-shot  NER  and
few/zero-shot RE, we propose the structured interactive reas-
oning prompt (SIRP).
Inspired by the concept of the chain of thought[53], our SIRP

introduces an inference process on top of the existing SFP, re-
quiring the model  to generate a series of  reasoning steps be-
fore the final output (such as relation, entity, span, and type)
is selected.  To  achieve  this  goal,  we  incorporate  the   corres-
ponding inference process into the learnable samples based on
the  SFP  framework  depicted  in  Fig. 2.  However,  manually
constructing  coherent  reasoning  processes  is  complex  and
time-consuming. To address this issue,  we propose an iterat-
ive  dialog  approach  that  allows  the  model  to  generate  the
reasoning  process  automatically.  The  generated  reasoning
process  is  then  included in  the  learnable  samples,  enhancing
the model’s ability to learn the reasoning process. Taking RE
as an example, Fig. 4 illustrates a simple example of generat-
ing the reasoning process through iterative dialog. 

4.3    Voting-enabled  structured  interactive  reasoning
prompt

In  generative  large-scale  language  models,  the  temperature
parameter is an important factor that controls the randomness
of text generation. Higher temperature values make the gener-
ated  text  more  random,  resulting  in  less  stable  outputs,  but
also providing a wider range of experimental results. Consid-
ering  the  potential  inaccuracy  in  single-step  inference,  we
propose  a  voting-enabled  structured  interactive  reasoning
prompt  (VESIRP)  based  on  a  voting  mechanism  to  increase
the accuracy and stability of the generated output in few/zero-
shot NER and few/zero-shot RE.
VESIRP  is  a  natural  language-based  prompting  method

designed for  information  extraction  tasks.  It  integrates   vari-
ous  components  to  execute  the  information  extraction  task,
including  task  definitions,  candidate  categories,  learnable
samples,  inference  processes,  output  formats,  and  input  text.
A  key  feature  of  VESIRP  is  its  utilization  of  temperature
parameters to modulate the model’s generation process.  This
involves  the  model  generating  multiple  possible  answers  by
increasing the  model  temperature  parameter  and   sub-
sequently  selecting  the  answer  with  the  highest  frequency
from these generated results  as the final  output.  Specifically,
VESIRP employs SIRP initially to guide the model in gener-
ating  text,  allowing  the  model  to  generate  multiple  possible
answers by increasing the model temperature parameter. The
frequency of these answers is then statistically evaluated, and
the answer with the highest occurrence is chosen as the final
output.  Through this  design,  we can  maintain  a  certain  level
of randomness  while  improving  the  accuracy  of  the   gener-
ated output,  thereby enhancing the stability and reliability of
the model. 

5    Experiments
 

5.1    Datasets
For few/zero-shot NER, we employ the FewNERD[17] dataset.
The FewNERD dataset is specifically designed for the task of
named  entity  recognition  and  encompasses  8  coarse-grained
and  66  fine-grained  entity  types.  Each  entity  label  includes
hierarchical  information  for  both  coarse-grained  and  fine-
grained structures.  The  dataset  comprises  over  180000   sen-
tences,  more  than  490000  annotated  entities,  and  over  4.6
million  characters.  FewNERD  is  divided  into  two  parts:
FewNERD(INTRA)  and  FewNERD(INTER).  In  the
FewNERD(INTRA) dataset,  different  sets  contain  entities  of
different  coarse-grained  types.  In  the  FewNERD(INTER)
dataset, three sets include entities of the same coarse-grained
type but different fine-grained types.

 

Sentence: In 1988 , the fourth dolphin cove in SeaWorld 
San Antonio opened its doors.

SFP-2 : Iden�fica�on of en�ty types followed by extrac�on of the corresponding en�ty spans

Candidate types: …

What en�ty types 
might be included in 
sentence?

location-park

Please iden�fy the 
en��es of type 
‘loca�on-park’ in 
the given sentence

('seaworld san 
antonio', 'location-
park') 

SFP-1 : En�ty span extrac�on followed by candidate en�ty classifica�on 

Which span words in 
this sentence are 
likely to be en��es?

1988, 
dolphin cove,

seaworld san 
antonio

types: loca�on-
park,…

Please classify 
these span: 
1988,…

(‘1988', ‘none') 
(‘dolphin cove', 
‘none') 
('seaworld san 
antonio', 'location-
park') 

Fig. 3. An example of a structured fundamental prompt (SFP) framework for named entity recognition (NER) employing a two-stage approach is presen-
ted. In SFP-1, the initial stage involves extracting the span of the entity followed by classification. Conversely, in SFP-2, the process begins with identify-
ing the category and subsequently extracting the corresponding span.
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For  few/zero-shot  RE,  we  employ  the  FewRel[4]  dataset.
FewRel is a benchmark dataset designed for relation classific-
ation  tasks,  with  a  specific  emphasis  on  few-shot  learning
scenarios. The  dataset  is  designed  to  evaluate  whether  mod-
els can accurately classify relationships in text when provided
with extremely limited examples. It covers a diverse set of re-
lationship categories,  including  person  relations,   organiza-
tional relations,  among  others,  totaling  100  distinct   relation-
ship categories, each with 700 instances. 

5.2    Evaluation metrics
We consider  only  exact  matches  and use  micro-F1 to  evalu-
ate the NER task. We consider a prediction to be correct only
when  both  the  entity  span  and  the  entity  type  match  the
ground truth entity.
We adopt accuracy as the evaluation metric for relation ex-

traction. Accuracy represents the proportion of correctly pre-
dicted relation samples to the total number of samples. 

6    Results and discussion
In  this  study,  we  adopted  the  established  prompting  strategy
from Ref. [16] as the primary baseline prompt (BP). Consid-
ering  the  input  token  limitations  of  the  GPT-3.5  model,  we
only conducted necessary comparative experiments. We eval-
uated the effectiveness of the three prompting methods, SFP,
SIRP, and VESIRP, separately in few-shot NER and few-shot
RE tasks. Based on the performance of these prompting meth-
ods in few-shot tasks, we determined which method to valid-
ate in zero-shot NER and zero-shot RE tasks. 

6.1    Results of few/zero-shot NER
Table 1 presents the results  of few-shot NER. For comparis-
on,  we  selected  several  representative  models  on  the
FewNERD dataset,  including  ProtoBERT,  NNShot,   Struct-
Shot,  CONTaiNER,  MeTNet,  ESD,  DecomMeta  and

SpanProto.  These  methods  are  all  based  on  fine-tuning  pre-
trained  language  models.  ProtoBERT,  NNShot,  StructShot,
CONTaiNER, and MeTNet obtain entity spans and their cor-
responding entity categories in one stage. On the other hand,
ESD,  DecomMeta,  and  SpanProt  divide  few-shot  NER  into
two  stages:  extracting  entity  spans  first  and  then  classifying
these entity spans.
Based on the preliminary experimental  results  of  few-shot

NER as shown in Table 1, we specifically validated BP, SFP,
SFP-1,  SFP-2,  and  the  inference-stimulating  VESIRP,  under
the zero-shot  scenario  on the FewNERD dataset.  The results
of zero-shot NER are presented in Table 2. 

6.2    Discussion of few/zero-shot NER
As shown in Table 1, SFP performs the best in few-shot NER,
whereas SFP-1 shows the weakest performance, although it is
still significantly  better  than  BP.  In  particular,  SFP   demon-
strates superior performance on FewNERD(INTRA) and out-
performs existing  SOTA models  significantly.  The   perform-
ance of SFP on FewNERD(INTER) is slightly better than that
of one-stage models but inferior to that of existing two-stage
models, with a notable gap. Notably, the performance of SFP
on  FewNERD(INTRA)  and  FewNERD(INTER)  is  similar,
with the main difference being that existing methods based on
fine-tuning  pretrained  models  perform  poorly  on
FewNERD(INTRA). This  is  because  all  entities  in  the   train-
ing, validation, and test sets of FewNERD(INTRA) belong to
different coarse-grained types, making it challenging for fine-
tuning-based pretraining  models  to  generalize  well.  In   con-
trast, LLM, with its rich knowledge and strong generalization
ability,  exhibits  comparable  performance  on  both  the
FewNERD(INTRA) and FewNERD(INTER) datasets.
Among  SFP,  SFP-1,  and  SFP-2,  the  one-stage SFP   per-

forms  the  best,  where  as  the  two-stage  SFP-1  performs  the
worst,  with  SFP-2  coming  in  second  after  SFP.  Although

 

How do we get the Reasoning

Your need to provide the reasoning process that 
deduces the rela�onship between these two 
en��es

(For Structured Interac�ve Reasoning Prompt)
Here are some examples for each rela�on:
Example1:
Sentence: Lopes and her husband Don Tapsco� endowed the 
Tapsco� Chair in Schizophrenia at the University of Toronto.
En��es: ‘Don Tapsco�’ and ‘University of Toronto’ 
Reasoning: …
Rela�on: employer

Don Tapscott and his wife established an 
endowment at the University of Toronto known as 
the "Tapscott Professorship in Schizophrenia" 
endowment chair means making a financial 
contribution or expenditure, indicating that 
Don Tapscott He has an employer relationship 
with the University of Toronto.

Prompt model for 
automa�c inference

Add the inference process to 
the Demonstra�on examples

### Task defini�on

Example n:
Sentence: Lopes and her husband Don Tapsco� 
endowed the Tapsco� Chair in Schizophrenia at 
the University of Toronto.
En��es: ‘Don Tapsco�’ and ‘University of Toronto’ 
Rela�on: employer
Example n+1:

Fig. 4. An example of reasoning generation for RE.
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entity  span  extraction  and  entity  classification  are  relatively
simpler  than  NER  for  LLMs,  the  issue  of  error  propagation
between two-stage tasks cannot be ignored. In particular, the
problem  of  error  propagation  is  more  prominent  in  SFP-1.
This is attributed to the fact that, in the first stage, SFP-1 ex-
tracts entity spans from the text with the sole requirement that
the output spans are entities. However, LLMs tend to extract
numerous candidate  entity  spans,  many  of  which  do  not   be-
long to the predefined set of entity categories. These candid-
ate entity  spans  outside  the  predefined  categories  pose   chal-
lenges in the second stage of entity classification, as they are
difficult to  filter  effectively.  Conversely,  LLMs are more  in-
clined to categorize these candidate entity spans as one of the
predefined  categories.  Consequently,  SFP-1 exhibits   subop-
timal  performance  in  named  entity  recognition.  In  contrast,
SFP-2  constrains  the  scope  of  entity  type  recognition  in  the
first  stage,  requiring  the  LLM  to  identify  only  those  entity
types within the predefined set of entity categories present in
the text. This approach significantly improves the accuracy of
LLM outputs, enhancing precision during the second stage of
entity  span  extraction  for  the  corresponding  entity  types.
While  potential  issues  of  error  propagation  may  persist,  the

performance of SFP-2 has shown a notable improvement over
that of SFP-1.
Given  the  outstanding  performance  of  the  SFP  method,

both  the  SIRP  and  VESIRP  approaches  are  enhancements
built upon the SFP framework. The SIRP and VESIRP meth-
ods aim to stimulate the model’s reasoning capabilities to im-
prove predictive performance.  In theory,  they should outper-
form SFP in terms of performance. However, as indicated by
the  data  in  Table  1,  the  performance  of  SFP  still  surpasses
that  of  SIRP  and  VESIRP,  which  contradicts  the  expected
performance  improvement.  This  discrepancy  arises  from  the
fact that in the N-way K-shot tasks of the FewNERD dataset,
each entity  type includes  at  least  K samples  in  the  query set
for model identification. In few-shot NER, the initial number
of input  tokens  is  already  substantial,  and  the  inference  pro-
cesses for learnable examples provided in the support set fur-
ther significantly  increase  the  number  of  input  tokens.  Con-
sequently, this may lead to errors or information omission by
LLM when comprehending query samples. The experimental
results  also  confirm  that  when  facing  complex  queries  that
LLM  finds  challenging  to  comprehend,  it  is  more  likely  to
produce  empty  outputs.  Compared  with  the  SIRP,  the
VESIRP improves performance significantly by employing a
five-round  voting  mechanism  to  filter  out  empty  outputs.
Nevertheless,  the  fundamental  issue  of  input  length  remains,
causing the  VESIRP  to  still  fall  short  in  performance   com-
pared with SFP.
As  shown  in  Table  2,  we  observe  that  SFP  performs  the

best  in  the  zero-shot scenario,  and  its  performance  also   sur-
passes that of VESIRP. This can be attributed to the fact that
in  the  zero-shot context,  no  learnable  examples  or   corres-
ponding  inference  processes  are  provided  to  the  LLM.  The
absence of learnable examples to stimulate the reasoning cap-
abilities of LLM results in LLM being unable to acquire new
information  from  examples.  Instead,  it  relies  solely  on  its

 

Table 1. F1  scores  (%)  of  5-way  1-shot  (5-1),  5-way  5-shot  (5-5),  10-way  1-shot  (10-1),  and  10-way  5-shot  (10-5)  problems  on  few-shot  NER over
FEWNERD dataset.

Methods
FewNERD (INTRA) FewNERD (INTER)

5-1 5-5 10-1 10-5 5-1 5-5 10-1 10-5

ProtoBERT 23.45±0.92 41.93±0.55 19.76±0.59 34.61±0.59 44.44±0.11 58.80±1.42 39.09±0.87 53.97±0.38

NNShot 31.01±1.21 35.74±2.36 21.88±0.23 27.67±1.06 54.29±0.40 50.56±3.33 46.98±1.96 50.00±0.36

StructShot 35.9±0.69 38.8±1.72 25.3±0.84 26.3±2.59 57.3±0.53 57.1±2.09 49.46±0.53 49.39±1.77

CONTaiNER 40.43 53.70 33.84 47.49 55.95 61.83 48.35 57.12

MeTNet 55.79±0.23 65.41±0.35 47.18±0.89 60.71±0.17 74.42±0.61 76.28±0.32 67.91±0.68 71.96±0.35

ESD 41.44±1.16 50.68±0.94 32.29±1.10 42.92±0.75 66.46±0.49 74.14±0.80 59.95±0.69 67.91±1.41

DecomMeta 52.04±0.44 63.23±0.45 43.50±0.59 56.84±0.14 68.77±0.24 71.62±0.16 63.26±0.40 68.32±0.10

SpanProto 54.49±0.39 65.89±0.82 45.39±0.72 59.37±0.47 73.36±0.18 75.19±0.77 66.26±0.33 70.39±0.63

BP 36.49 32.98 34.29 25.54 29.98 25.27 26.27 21.69

SFP (Us) 64.95 67.55 60.47 61.23 61.88 67.06 61.87 64.26

SFP-1 (Us) 44.53 53.76 – – 42.00 52.47 – –

SFP-2 (Us) 62.05 63.82 53.27 – 63.37 64.83 57.98 –

SIRP (Us) 52.78 59.58 – – 49.21 57.49 – –

VESIRP (Us) 60.32 – – – 58.75 – – –

The best performance of the proposed method is highlighted in bold.

 

Table 2. F1  scores  (%)  of  5-way,  10-way  problems  on  zero-shot  NER
over FewNERD dataset.

Methods
FewNERD (INTRA) FewNERD (INTER)

5-way 10-way 5-way 10-way

BP 25.69 18.29 21.26 13.92

SFP (Us) 58.48 56.12 58.33 55.17

SFP-1 (Us) 35.04 32.73 30.53 25.06

SFP-2 (Us) 55.58 44.29 56.80 45.69

VESIRP (Us) 56.72 50.07 49.56 44.05

The best performance of the proposed method is highlighted in bold.
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internal reasoning  processes  to  complete  the  task.  This   situ-
ation  increases  the  complexity  of  the  task,  as  LLM needs  to
independently reason and produce answers without relying on
known examples for cues.  This further demonstrates that  the
reasoning ability of LLMs needs to be effectively stimulated
through  the  provision  of  reasoning  samples.  However,  it  is
worth  noting  that  the  zero-shot  performance  of  SFP  on  the
FewNERD dataset is  also superior to that of several existing
few-shot methods. 

6.3    Results of few/zero-shot RE
Table 3 presents the results of few-shot RE. For comparison,
we selected  representative  existing  approaches  on  the   Fe-
wRel  dataset,  including  MTB,  BERT-PAIR,  MLMAN,  and
ProtoNet.  These  approaches  are  based  on  fine-tuning  pre-
trained language models. Among them, the MTB achieved the
best  performance  on  the  FewRel  dataset.  Additionally,  we
also  compared  the  performance  of  the  human  annotators  on
the dataset.
Based on the preliminary experimental  results  of  few-shot

RE as shown in Table 3 and the unique representation of rela-
tion  labels  in  the  FewRel  dataset  (using  specific  symbolic
numbers  instead  of  label  names),  we  specifically  validated
SFP and the optimal method VESIRP for zero-shot scenarios
in the FewRel dataset. The results of zero-shot RE are presen-
ted in Table 4. 

6.4    Discussion of few/zero-shot RE
According to the results in Table 3, the VESIRP performs the
best  in  few-shot  RE,  while  SFP  performs  relatively  poorly.
Nevertheless, SFP still  outperforms BP by a significant mar-
gin and shows comparable performance to other methods, ex-
cept  for  the  SOTA method.  The  performance  of  SFP,  SIRP,
and VESIRP on FewRel aligns with expectations because of

the  N-way  K-shot  nature  of  tasks  in  the  FewRel  dataset.  In
these  tasks,  the  query  set  comprises  only  one  relationship
sample  used  for  model  prediction.  Introducing  the  inference
process for  learnable  examples  does  not  substantially   in-
crease the input token length and does not impact the under-
standing capability of LLMs regarding query samples. In con-
trary,  it  effectively  stimulates  the  reasoning  capabilities  of
LLMs. Comparing the effects of the SIRP and SFP, it is evid-
ent  that  the  inclusion  of  an  inference  process  enhances  the
model’s reasoning ability and thereby improves task perform-
ance, albeit with limited gains. For the VESIRP, we employ a
five-round  voting  mechanism,  which  enhances  accuracy  on
the  FewRel  dataset  compared  with  SIRP  and  SFP,  reducing
misclassifications  in  single  outputs.  Comparing  the  results
between the 1-shot and 5-shot scenarios, we observe that for
LLMs,  a  single  learnable  sample is  sufficient  to  acquire  rich
knowledge.  In  contrast,  the  performance  gain  from  multiple
learnable  samples  is  not  significant.  However,  for  methods
employing fine-tuning pretrained models,  a larger number of
learnable  samples  leads  to  better  performance  in  few-shot
scenarios.
As  shown  in  Table  4,  SFP  performs  significantly  better

than VESIRP in zero-shot  RE. This  may be attributed to the
fact that the reasoning capabilities of LLMs require effective
stimulation from inferential samples. In the case of zero-shot
RE  tasks,  where  there  are  no  learnable  samples  to  stimulate
LLM’s  reasoning  abilities,  LLM is  unable  to  learn  from  the
samples and only needs to output its  own reasoning process.
This situation  can  introduce  complexity  to  the  task.   Con-
sequently, in zero-shot RE, the LLM performs less favorably
on the  SIRP and VESIRP than does  the  SFP.  However,  it  is
worth  noting  that  the  zero-shot  prompt  effectiveness  of  SFP
on the FewRel dataset also outperforms certain existing few-
shot methods.
Additionally,  existing  methods  based  on  fine-tuning  pre-

trained language models require training a new model separ-
ately.  In  contrast,  the  combination  of  prompt  learning  with
LLM does not involve fine-tuning or parameter updating, sig-
nificantly reducing computational and time costs. Leveraging
these  advantages,  the  performances  of  SFP,  SIRP,  and
VESIRP still surpass those of methods that are based on fine-
tuning pretrained language models. 

7    Conclusions
In this study, we first validate the effectiveness of large-scale
pretrained language  models  in  executing  information   extrac-
tion (IE)  tasks  via  established  prompting  strategies.  We   fur-
ther  propose  multiple  types  of  enhanced  prompting  methods
to improve LLM’s performance in few-shot and zero-shot in-
formation extraction  tasks  through  prompting  learning.   Spe-
cifically,  we  propose  the  structured  fundamental  prompt
(SFP)  which  provides  task-specific  structured  information  to
guide the LLM in better understanding the task elements. Fur-
thermore,  we  introduce  the  structured  interactive  reasoning
prompt (SIRP) to foster the model’s reasoning ability, result-
ing in further performance improvement. Finally, we propose
the  voting-enabled  structured  interactive  reasoning  prompt
(VESIRP), which leverages a multi-round voting mechanism

 

Table 3. Accuracy  (%)  of  5-way  1-shot  (5-1),  5-way  5-shot  (5-5),  10-
way  1-shot  (10-1),  and  10-way  5-shot  (10-5)  problems  on  few-shot  RE
over FewRel dataset.

Methods 5-1 5-5 10-1 10-5

Human 92.22 – 85.88 –

SOTA (MTB) 93.86 97.06 89.20 94.27

BERT-PAIR 88.32 93.22 80.63 87.02

MLMAN 82.98 92.66 73.59 87.29

ProtoNet 81.40 92.11 72.51 86.03

BP 48.14 79.39 58.11 66.44

SFP (Us) 89.88 90.96 81.90 82.40

SIRP (Us) 90.20 91.50 – –

VESIRP (Us) 92.47 93.81 86.19 –

The best performance of the proposed method is highlighted in bold.

 

Table 4. Accuracy (%) of 5-way, 10-way problems on zero-shot RE over
FewRel dataset.  The  best  performance  of  the  proposed  method  is   high-
lighted in bold.

Methods 5-way 10-way

SFP (Us) 85.48 76.25

VESIRP (Us) 82.29 71.14
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to  enhance  output  consistency  and  reliability.  We  validated
the effectiveness of these prompt methods on FewNERD and
FewRel  datasets.  The  experimental  results  show  that  these
methods achieve comparable or even superior performance to
SOTA  methods  requiring  large-scale  training  samples  (e.g.,
zero-shot  FewNERD,  few-shot  FewNERD-INTRA).  This  is
one  of  the  first  studies  that  address  the  task  of  IE  in  the
paradigm  of  instruction-following  LLM,  which  establishes
benchmark results as well as augmented improvements to eli-
cit more  future  studies.  In  the  future,  we  will  explore   addi-
tional prompt methods and extend our approach to other task
domains. 
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