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Abstract

The prompt-based method has been proven effective in im-
proving the performance of pre-trained language models
(PLMs) on sentence-level few-shot tasks. However, when ap-
plying prompting to token-level tasks such as Named Entity
Recognition (NER), specific templates need to be designed,
and all possible segments of the input text need to be enumer-
ated. These methods have high computational complexity in
both training and inference processes, making them difficult
to apply in real-world scenarios. To address these issues, we
redefine the NER task as a Machine Reading Comprehension
(MRC) task and incorporate prompting into the MRC frame-
work. Specifically, we sequentially insert boundary markers
for various entity types into the templates and use these mark-
ers as anchors during the inference process to differentiate
entity types. In contrast to the traditional multi-turn question-
answering extraction in the MRC framework, our method can
extract all spans of entity types in one round. Furthermore, we
propose word-based template and example-based template
that enhance the MRC framework’s perception of entity start
and end positions while significantly reducing the manual ef-
fort required for template design. It is worth noting that in
cross-domain scenarios, PMRC does not require redesigning
the model architecture and can continue training by simply
replacing the templates to recognize entity types in the target
domain. Experimental results demonstrate that our approach
outperforms state-of-the-art models in low-resource settings,
achieving an average performance improvement of +5.2% in
settings where access to source domain data is limited. Partic-
ularly, on the ATIS dataset with a large number of entity types
and 10-shot setting, PMRC achieves a performance improve-
ment of +15.7%. Moreover, our method achieves a decoding
speed 40.56 times faster than the template-based cloze-style
approach.

Instruction

Named Entity Recognition (NER) is a fundamental problem
in the field of Natural Language Processing (NLP). It aims
to identify spans of text that correspond to named entities
and assign them to predefined entity categories such as per-
son, location, organization (Tjong Kim Sang and De Meul-
der 2003). Typically, NER tasks are regarded as sequence
labeling problems (Ma and Hovy 2016), where each entity

*Corresponding author
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

18316

in the input sequence is assigned a specific label. However,
manual annotation of a large corpus for NER requires sub-
stantial time and expertise from domain experts, making it a
costly endeavor. Moreover, models trained using these meth-
ods need to adjust their structures and undergo retraining
when faced with new data, limiting their ability to leverage
knowledge learned from the original data.

To address these challenges, researchers have proposed
the concept of few-shot NER (Wiseman and Stratos 2019;
Yang and Katiyar 2020; Ziyadi et al. 2020). In few-shot
NER, a pre-trained language model is used as the base
model, and only a small amount of labeled data is utilized for
fine-tuning in a specific domain. This approach significantly
reduces the cost of annotation and enables the rapid con-
struction of a well-performing NER model for new domains.
However, existing few-shot NER models often require re-
configuration to adapt to new entity categories, which limits
their performance, especially when labeled data is limited.
Additionally, many existing models require the use of a uni-
fied label set during both training and testing, which results
in poor recognition capability for newly encountered entity
categories.

Recently, prompt-based fine-tuning (Liu et al. 2023; Li
and Liang 2021; Lester, Al-Rfou, and Constant 2021) have
emerged as an important new paradigm in the NLP commu-
nity. Prompt-based methods aim to bridge the gap between
pre-training tasks and downstream tasks by reconfiguring
the input of pre-trained language models. This paradigm
effectively harnesses the capabilities of language models.
Prompt-based approaches have been widely adopted in the
few-shot learning domain and have shown promising results.
For example, in the NER field, (Cui et al. 2021) redefine the
task as a cloze-style task, where prompts are used to guide
the model to fill in the missing entity information. However,
existing methods often require manual design of prompting
templates, and in the case of limited samples, the model’s
sensitivity to templates makes the search for the optimal
template time-consuming. Additionally, these methods re-
quire enumerating all possible entity spans in the original
text during the training and prediction processes to predict
entity types, resulting in computational complexity similar
to that of n-gram models.

To address these challenges, we propose a prompt-based
machine reading comprehension model (PMRC) for few-
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shot NER. Inspired by (Shrimal et al. 2022), our model fills
the template with boundary tokens for various entity types to
predict entities. During the prediction process, by assigning
different entity type start and end labels to the text sequence,
PMRC is able to extract all entities in one round from the
original text. Furthermore, we do not introduce additional
parameters as classifiers, but rather use the dot product be-
tween the boundary tokens and the text tokens as the proba-
bility values for different entity types. This allows PMRC to
be transferred to new domains without adjusting the model
structure. Additionally, we investigate the impact of various
templates that require minimal manual design, greatly en-
hancing the model’s perception of entity start and end po-
sitions by incorporating label words or examples into the
templates. PMRC achieves superior or competitive results
on multiple datasets. In summary, PMRC consists of the fol-
lowing contributions:

* We introduce prompting into the MRC framework, where
we sequentially insert boundary markers for various en-
tity types into the templates. During inference, these
markers are used as anchors to predict all entities in a
single round, eliminating the need for enumerating entity
spans and multiple rounds of QA.

We propose word-based template and example-based
template that do not require manual intervention, effec-
tively enhancing the MRC framework’s perception of en-
tity start and end positions in few-shot scenarios. More-
over, in cross-domain settings, PMRC does not require
redesigning the model structure and can continue train-
ing by simply replacing the templates. The knowledge
learned from the source domain also contributes to a +2%
improvement in average performance.

We conduct extensive experiments on several bench-
mark datasets, and the research results demonstrate that
PMRC achieves comparable performance in the stan-
dard supervised setting and outperforms the state-of-the-
art models in low-resource scenarios. Specifically, in the
few-shot setting without access to the source domain,
PMRC achieves an average performance improvement of
+5.2%. Additionally, PMRC exhibits faster training and
inference speeds compared to SOTA models.

Related Work
Named Entity Recognition

Traditional approaches to NER have typically framed it as a
sequence labeling problem, and with the emergence of pre-
trained language models like BERT (Devlin et al. 2019),
combining them with a linear classification layer has be-
come a common solution for NER (Ma and Hovy 2016; Liu
et al. 2019; Zhang et al. 2020; Liu et al. 2021). However,
these methods often struggle to fully leverage the capabili-
ties of language models in low-resource scenarios within a
specific domain. Moreover, they require model restructuring
and retraining when facing new domains, making them un-
suitable for low-resource settings.

Currently, one major research direction in low-resource
NER is prototype-based methods, where a prototype is con-
structed for each entity class, and entity types are assigned
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by measuring the distance between text sequences and pro-
totypes (Fritzler, Logacheva, and Kretov 2019; Wiseman
and Stratos 2019; Yang and Katiyar 2020; Henderson and
Vulic 2021; Hou et al. 2020; Lin et al. 2019; Ji et al. 2022;
Huang et al. 2022b). However, these methods heavily rely on
support-set entities, and their performance deteriorates sig-
nificantly as the discrepancy between the source and target
domains increases.

Recently, there have been studies aiming to enhance
models’ perception in few-shot domains by introducing
external knowledge, such as label knowledge. However,
these methods still face limitations. For example, EntLM
(Ma et al. 2022b) incorporates high-frequency entity men-
tions obtained through distantly supervised datasets to con-
struct prototypes for entity tokens. However, obtaining reli-
able entity mentions requires a robust distantly supervised
method(Liang et al. 2020), and as unlabeled data increases,
the entity mentions need to be adapted, which means the
model needs to reset the word representations of special
labels and undergo retraining. In contrast, our proposed
method leverages semantic knowledge from labels effec-
tively and exhibits excellent capabilities in cross-domain
transfer.

MRC-Based NER

Recently, the paradigm of Machine Reading Comprehension
(MRC) (Li et al. 2019, 2020; Liu et al. 2022) has been ap-
plied to the field of Named Entity Recognition (NER) with
rich resources and has achieved remarkable results. Unlike
sequence labeling, the MRC paradigm focuses only on the
start and end of entities, and its input sequence is in the form
of (question, original text). The information contained
in the question helps the model extract the corresponding
entities. However, such methods require the construction
of duplicate samples with different entity categories from
the original text, which greatly increases the training and
inference time of the model. To address this issue, NER-
MQMRC (Shrimal et al. 2022) designs questions that en-
compass multiple categories and extracts various types of
entities in parallel at the output layer. However, this ap-
proach is prone to exacerbating the token-level class imbal-
ance, making it challenging to adapt to extremely resource-
constrained few-shot scenarios. Unlike the aforementioned
MRC methods, our approach not only demonstrates excel-
lent few-shot capabilities but also fully leverages the knowl-
edge transferability of the MRC paradigm. Furthermore, our
method also excels in terms of inference speed.

Prompt Learning in NER

The concept of prompts originated from the idea of in-
context learning in GPT-3 (Brown et al. 2020). Exten-
sive research (Schick and Schiitze 2021; Schick, Schmid,
and Schiitze 2020; Ben-David, Oved, and Reichart 2022;
Chen et al. 2022b; Ding et al. 2022) has shown that com-
pared to traditional fine-tuning approaches, prompt learn-
ing can effectively bridge the gap between pre-training
and downstream tasks, resulting in superior performance in
low-resource and cross-domain scenarios. Typically, prompt
learning transforms downstream tasks into cloze-style tasks,
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However, this method is not very friendly for NER tasks,
as it requires dealing with the significant overhead of enu-
merating candidate entity spans (Cui et al. 2021). More-
over, designing suitable templates also requires a consider-
able amount of manual effort. Therefore, recent studies have
addressed this issue by transforming NER into a sequence
generation task, as demonstrated in LightNER (Chen et al.
2022a), UIE (Lu et al. 2022), (Chen et al. 2023).

Preliminaries
Few-Shot NER

Assuming we have a resource-rich NER dataset H
{(XI, L), ..., (XI, L)}, where the input is a text
sequence of length n, X# = {zf ... zf}, and we
use Y? = {yfl,... yH} to represent the correspond-

ing label sequence, and adopt M to represent the la-
bel set of the rich-resource dataset (VyZH , yf e MH ) Ad-
ditionally, we have a low-resource NER dataset L
{(Xt,Y]), ..., (X%, YE)}, where the number of labeled
data is extremely limited compared to the resource-rich NER
dataset (i.e., J < K). Regarding the low-resource domain,
the target label set M" (Vy[,y € M") may be different
from M* . Moreover, to ensure a truly low-resource set-
ting, we eliminate the validation set setting used in previ-
ous works (e.g., TemplateNER (Cui et al. 2021), LightNER
(Chen et al. 2022a)). This means that our model is trained on
a small training set for a certain number of steps and directly
tested on the test set, making our scenario more closely re-
semble real-world conditions.

MRC Model for NER

The NER task using the MRC approach involves extract-
ing entities through a question-answering process. For each
entity category, we construct a question and the model out-
puts the starting and ending positions of the entity in the
input text sequence as the answer. This question-answering
approach allows us to naturally identify potential entities in
the text.

Formally, given an input sequence X
{x1,29,...,2n}, Where n represents the length of
the sequence, and a predefined set of entity categories
C = {c1,¢2,...,¢m}, where m represents the number of
entity categories. First, we construct a natural language
question for V¢; € C, resulting in Q = {q1,92,...,qm}-
Then, we process the input into a question-answer format,
resulting in:

X' ={(q1, X), (g2, X) -, (gm, X)}

The input X/ € X' is passed through a pretrained language
model and then fed into two fully connected layers to obtain
the start probability sequence and end probability sequence,
respectively. Wyigre € R™ x 2 and We,,q € R™ X 2 are the
weights to learn:

Pyar = softmaz(Encoder(X)) - Wiar)
Pepg = softmazx(Encoder(X.) - Wena)
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Finally, for the ¢, € C, we can get the entity start index
sequence Yy, and end index sequence Y. q and use them to
decode the predicted entities:

)=1i=1,n}

)Zlaj:]-v"'an}

Method

In this section, we will describe how our method incorpo-
rates prompting into the MRC framework by discussing the
model’s input and inference components. An overview of
PMRC is illustrated in Figure 1. Finally, we will explain how
to construct templates using words and examples.

Yiart = {Z | argmax (Ps(lgt

end

SN pp—

Prompting the MRC Model

Inspired by NER-MQMRC (Shrimal et al. 2022), we have
developed a prompt-based MRC model for few-shot NER,
as shown in the Figure 1. We leverage the semantic informa-
tion or contextual information provided by the prompts to
enhance the model’s sensitivity to entity spans. During the
training phase, the special tokens in the prompts serve as an-
chors for the entity’s start and end positions. In the inference
phase, we employ a dot-product-based metric to match the
labels.

PMRC Input Firstly, in the NER-MQMRC task, the ques-
tions for each entity are separated by a special token [ENT].
For PMRC, we use both [ENT_START] and [ENT_END] to-
kens to delimit each entity category. These tokens are added
to the vocabulary of the PLM, such as BERT. Following the
setup in COPNER (Huang et al. 2022a), we manually con-
struct a label vocabulary mapping M, where we assign a
semantically meaningful word to each entity label belong-
ing to the predefined label set L. We use the entity class
name as LW. For example, in most NER datasets, “PER”
is used as the label for person entities, and then the spe-
cific word “person” is assigned to M(PER) = person for
subsequent person entities. Then, for each specific dataset,
we design prompts as follows: P = {p1,pa, ..., pm }, Where
p(l;) = {[ENT_STARTIM (l;) [ENT_-END]},VI; € L.

Next, the generated prompts are appended to each in-
put sentence X to form an extended input sequence X' =
{z1,22,..., %4, D1, -, Pm+1}, Where t is the length of
the original input sentence, and m is the number of entity
classes. Additionally, an extra label word is added to rep-
resent non-entity classes. Subsequently, X’ is input to the
Encoder to generate contextualized representations. PMRC
treats the final hidden layer output as the representation for
each token: H Encoder ([x1, ..., Xty D1y ey Pmt1))
[h1, ooy by, s, h/la €1y, Sm, h;.n + 1, €m+1], where h;,
R}, s; and e; are the embedding of origin text token, label
word token, [ENT_START] and [ENT_END], respectively.
Next, we utilize MLP layers to enhance the model’s aware-
ness of the start and end positions:

H start — Wstart -H
Heng = Wena - H
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text embedding

entity start embedding

text embedding entity end embedding

start label

Entities:
PER: Biden
LOC: White House

HOO0EE ® © @ O —
MLP [ Label Set: {PER, LOC, O} \
M(PER) = person
M(LOC) = location
M(O) =
'_!_EU;U;I_!_!_ A ® A ® A © ® : Dot product
T T B : Text token
Pre-trained Language Model A : Entity start token
@ : Entity end token
' [CLS] Biden works at the White House [SEP]! \&D : Connect )
EB origin text
[ENT_START] person [ENT END] [ENT START] location [ENT END] [ENT START] [ENT _END]

prompt

Figure 1: An overview of PMRC.The figure illustrates how the representation of entity start and end markers is generated and

how we use them to compute the final model predictions.

The representations of the special tokens in the prompts can
serve as prototypes for each entity class, which will be fur-
ther elaborated in the next section.

Inference of the PMRC In the inference stage, the spe-
cial tokens in the prompts are considered as metric refer-
ences for calculating distances with each token. Following
the setup in the (Ma et al. 2022a), we utilize dot product as
the metric. Formally, the representation of the start token is
S = [s1,82,...,Sm+1], and the representation of the end
token is F = [e1,ea,...,€m+1]. Ya;, PMRC can find the
nearest metric referent s; or e; in the PLM representation
space:

Pstarl = softmax(Hsum ® S)
Pena = softmaz(Heng ® E)

In the label sequence of the NER task, there is an extreme
imbalance between the number of non-entity tokens and
entity boundary tokens. We employ Focal Loss (Lin et al.
2017) to alleviate the performance loss caused by this im-
balance. Therefore, for the prediction of the beginning index
and the end index, we have the following two losses, where
oy and ~y are hyperparameters:

Flgtar = —u (1 - pl)ﬂy log (pl) D1 € Byant
FLend = —oy (1 - pl)v IOg (pl) yPL € Peng
The overall training objective to be minimized is as follows:
FL = (Fleart + FLend)/2
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In the decoding stage, we adopt a commonly used approach
in MRC tasks. Given a starting position s;; for an entity,
we find the closest rightmost ending position e,.;. The entity
span (z;, ..., x,) is then assigned the entity label /; € L.

Prompt Construction

The work of TemplateNER demonstrates that manually
crafted templates can have a certain impact on the models.
In this work, we designed two types of Prompt templates:
word-based template and example-based template. The for-
mer requires manual selection of label words, while the lat-
ter does not require manual intervention. However, when
there are a large number of entity classes, the example-based
templates can become excessively long. Therefore, in this
work, we default to using word-based templates. Figure 2 il-
lustrates examples of these methods, and they are described
in detail as follows:

» Word-based template: We first arrange the words in LW
Additionally, we include “other” in LW as a label word
for non-entity categories. Then, we insert [ENT_START]
and [ENT_END] tokens on both sides of each word to
provide separation.

Example-based template: Randomly select some sam-
ples from the training set until these samples contain
mentions of various entity classes. Then, concatenate
these samples together. Finally, insert [ENT_START] and
[ENT_ENDY] tokens on both sides of each entity mention.
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(a) Word-based template

Label Mapper

Label Set:{PER, LOC, O} 1 Origin text .
M(PER)=person | -
M(LOC) = location ( Template |

M(©) =

Labeled Data

John likes to travel.

London is a beautiful city.

Example template

Figure 2: The illustration of prompt construction. (a) We use the label words to fill the template. (b) We will concatenate

examples containing different entity types as templates.

Experiments

To validate the effectiveness of PMRC in various settings,
we conducted extensive experiments in rich-resource NER
and low-resource NER, including in-domain few-shot set-
tings and cross-domain few-shot settings.

Implementation Details

If no specific model is mentioned, we use BERT-base-
uncased (Devlin et al. 2019) as the backbone model. This
section provides a detailed description of the training pro-
cess and hyperparameters for each dataset. Considering the
instability of few-shot learning, we run each experiment five
times with different random seeds and report the average
performance. The experiments were conducted using Py-
Torch on a single Nvidia 3090 GPU. All optimizations were
performed using the AdamW optimizer with a linear warm-
up schedule in the Standard Supervised Setting and a co-
sine_with_restarts schedule in the few-shot scenarios. The
focal loss function was used with & = 0.25 and v = 2.
Additionally, a weight decay of 0.01 was applied to all non-
bias parameters. The details of the training hyperparameters
will be described in the following section.

Rich-Resource Setting We fixed the batch size at 16 and
set the learning rate to 2e-5. The model was trained for 30
epochs, and evaluation was conducted after 20 epochs. We
selected the model with the best performance on the valida-
tion set and evaluated it on the test set.

Low-Resource Setting For all experiments, we fixed the
batch size at 4, and the model was trained for 30 epochs
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Models P R F
(Yang, Liang, and Zhang 2018) - - 90.77
(Ma and Hovy 2016) - - 91.21
(Yamada et al. 2020) - - 94.30
(Gui et al. 2020) - - 92.02
(Li et al. 2020) 92.47 9327 9287
(Yu, Bohnet, and Poesio 2020) 92.85 92.15 92.50
BERTTagger 91.93 9154 091.73
Few-Shot Friendly Models P R F
(Wiseman and Stratos 2019) - - 89.94
TemplateNER (Cui et al. 2021) 90.51 93.34 91.90
LightNER (Chen et al. 2022a) 92.39 93.48 92.93
PMRC 9242 9131 91.86

Table 1: Results in the standard supervised NER setting.

before being directly tested. The learning rate is set to le-4
for the MIT Movie (Liu et al. 2013) and ATIS (Hakkani-Tiir
et al. 2016) datasets, and 5e-5 for the MIT Restaurant (Liu
et al. 2013) dataset.

Standard Supervised NER Setting

We evaluated the performance of PMRC in the rich-resource
setting on the CoNLLO3 (Sang and Meulder 2003) dataset.
We selected the most recent and competitive models as
our baselines, including BERTTagger (Devlin et al. 2019),
MRC, TemplateNER (Cui et al. 2021), and LightNER (Chen
et al. 2022a). As shown in Table 1, although PMRC was de-
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Models PER ORG LOC* MISC* Overall
BERTTagger 76.25 75.32 61.55 59.35 68.12
TemplateNER 84.49 72.61 7198 73.37 75.59

LightNER 9096 76.88 81.57 82.08 78.97

PMRC 96.36 82.15 8229 66.38 84.66

Table 2: Results in the in-domain few-shot NER setting. *
indicates the low-resource entity type.

signed for few-shot NER, it performs competitively in the
rich-resource environment. This suggests that our model has
excellent capabilities in extracting entity spans and their cor-
responding categories from input texts.

In-Domain Few-Shot NER Setting

Datasets and Baselines: Following LightNER, we con-
structed a low-resource scenario dataset based on CoNLLO3.
We performed undersampling on specific entity types while
retaining the full data for other types, ensuring a low-
resource scenario across entity types within the same do-
main. Specifically, we selected “LOC” and “MISC” as the
low-resource entities and set “PER” and “ORG” as the rich-
resource entities. The rich-resource entity categories and
the low-resource entity categories share the same text do-
main. In particular, we undersampled the training set of
CoNLLO3 and obtained 4,001 training examples, including
2,496 “PER”, 3,763 “ORG”, 100 “MISC”, and 100 “LOC”
entities. We evaluated the performance of PMRC under the
in-domain few-shot NER setting on this dataset. We se-
lected BERTTagger, the low-resource-friendly model Tem-
plateNER, and LightNER as our baselines.

Results: As shown in Table 2, compared to BERTTag-
ger, we achieved significant performance improvements on
both low-resource and rich-resource entity types. Specifi-
cally, we achieved an average improvement of +13.89% on
the low-resource types. Compared to LightNER, PMRC per-
formed better on the low-resource “LOC” type and over-
all, but slightly weaker on the “MISC” type. We speculate
that the MISC entity category includes various types of en-
tities, which may make it challenging for PMRC to learn
the boundary information of MISC entities from a small
number of samples. Importantly, we achieved an average
improvement of +5.34% on the rich-resource categories,
demonstrating that our approach maintains excellent per-
formance on low-resource types without compromising the
performance on rich-resource entity categories. This once
again validates the competitiveness of our method designed
for few-shot scenarios in the rich-resource setting.

Cross-Domain Few-Shot NER Setting

Datasets and Baselines: In this section, following the setup
of LightNER, we evaluated the performance of the model
with and without the use of source domain data. Specif-
ically, we employed the CoNLLO3 dataset, a general do-
main dataset, as a resource-rich source domain data. We
randomly sampled a subset of training instances from the
MIT Movie, MIT Restaurant, and ATIS datasets to serve as
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the training data for the target domain. We randomly sam-
ple a fixed number of instances for each entity type (10, 20,
50, 100, 200, 500 instances per entity type for MIT Movie
and MIT Restaurant, and 10, 20, 50 instances per entity
type for ATIS). If the number of instances for a particular
type is less than the fixed quantity, we use all available in-
stances for training. We selected several competitive meth-
ods with the same experimental setup as our baselines, in-
cluding Neigh.Tag (Wiseman and Stratos 2019), Example-
based (Ziyadi et al. 2020), Multi-prototype + NSP (referred
to as MP-NSP ) (Huang et al. 2020), BERTTagger, Tem-
plateNER, BERT-MRC (Yu, Bohnet, and Poesio 2020), and
LightNER.

Results Without Source Data: When training from
scratch on the target domain without any available source
domain data, we cannot use prototype-based methods. Table
3 shows that PMRC outperforms all SOTA models signifi-
cantly on the MIT Movie and ATIS datasets. In particular,
PMRC achieves an F1 score of 58.2% in the extremely low-
shot 10-shot setting on the MIT Movie dataset, surpassing
LightNER’s results in the 20-shot setting and TemplateNER
in the 100-shot setting. Furthermore, in the 10-shot setting
on the ATIS dataset, PMRC achieves a +15.7% improve-
ment compared to LightNER, even performing comparably
to it in the 50-shot setting. PMRC also achieves competitive
performance on the MIT Restaurant dataset. Overall, com-
pared to previous state-of-the-art models, PMRC achieves
an average improvement of +5.2% in all cross-domain few-
shot settings.

Results With Source Data: We first train the model ex-
tensively on the resource-rich CoNLLO3 dataset and then
fine-tune it in the low-resource scenario. Table 3 shows that
on all three target domain datasets, PMRC achieves per-
formance comparable to LightNER and significantly out-
performs other baselines. Compared to the results without
source data, there was a +2% improvement. This indicates
that PMRC can transfer the broad knowledge learned in the
resource-rich domain to resource-limited domains. Addi-
tionally, we observe that on the ATIS dataset, PMRC without
source domain data clearly outperforms the source-trained
LightNER.

Analysis
Ablation Study

We conducted ablation experiments on the 10-shot, 20-shot,
and 50-shot scenarios in the MIT Movie dataset to analyze
the effects of different modules in PMRC. From the experi-
mental results Table 4, it can be observed that PMRC expe-
riences varying degrees of performance degradation when
these three components are missing. The most significant
performance drop occurs when we do not use label words at
all in the constructed templates, particularly with a 5.6% de-
crease in the 10-shot setting with source domain. Therefore,
we can conclude that incorporating label semantic knowl-
edge into templates effectively improves the model’s per-
formance in extremely limited data scenarios. Additionally,
using an MLP in PMRC to enhance the model’s ability to
distinguish entity start and end positions also leads to cer-
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MIT Movie

MIT Restaurant ATIS

Source Methods Avg.
10 20 50 100 200 500 10 20 50 100 200 500 10 20 50
BERTTagger 252 422 49.6 50.7 593 744 21.8 394 527 535 574 613 441 767 90.7 532
TemplateNER 373 485 522 563 620 749 460 57.1 587 60.1 628 650 71.7 794 926 61.6
None BERT-MRC 187 483 555 625 80.2 821 123 371 535 639 655 704 353 632 902 559
LightNER 417 578 73.1 78.0 80.6 84.8 485 580 620 708 755 802 763 853 928 71.0
PMRC 582 752 78.7 82.0 837 857 495 582 654 718 755 778 92.0 944 953 76.2
Neigh.Tag. 0.9 1.4 1.7 24 3.0 4.8 4.1 3.6 4.0 4.6 5.5 8.1 24 34 5.1 3.7
Example. 29.2 296 304 302 300 296 252 261 268 262 257 251 229 165 222 264
MP-NSP 364 368 38.0 382 354 383 46.1 482 496 49.6 500 50.1 712 748 76.0 492
CoNLLO3 BERTTagger 283 452 50.0 524 607 768 272 409 563 574 586 753 539 785 922 569
TemplateNER 424 542 596 653 69.6 803 531 603 64.1 673 722 757 773 889 935 683
BERT-MRC 202 508 563 629 815 823 158 395 548 658 688 735 405 667 91.8 58.1
LightNER 629 756 788 822 845 857 581 674 695 737 784 811 869 894 939 779
PMRC 656 766 794 820 844 860 584 625 69.1 73.0 753 77.8 925 947 954 782
Table 3: Results in the cross-domain few-shot NER setting. 10 indicates 10 instances for each entity types.
MIT Movie Prompt Template 5 10 20 50 100 200
Source Methods - " 1 742 12
10 20 50 Random word Template 33.3 554 742 783 8I. 83.7
Example Template 44.1 588 749 785 82.1 839
DEFAULT 582 1752 787 Label word Template  41.5 582 752 78.7 822 84.0
w/o MLP 56.0 745 77.6 . .
None Table 5: Results of Different Templates on the MIT Movie
w/o label words ~ 52.77 73.9 78.2 w "
Jo Focal Loss 577 740 786 Dataset. The “Random word Template r.efers to the tem-
W : : . plate where random words are used to fill in the prompts.
DEFAULT 656 766 794
w/o MLP 62.7 754 76.6
CoNLLO3
w/o label words  60.0 73.4 78.2 leneth and leadine ¢ f deeradation. This indi
wo Focal Loss 612 75.9 792 ength and leading to performance degradation. This indi-

Table 4: Ablation Study: (1) w/o MLP: We omitted the MLP
layer and directly performed dot product between the text
embeddings outputted by BERT and the token embeddings.
(2) w/o label words: We completely excluded label words
from the prompt templates, constructing the templates only
with start and end markers. (3) w/o Focal Loss: We em-
ployed cross-entropy loss instead of focal loss for loss cal-
culation.

tain performance improvements.

Analysis of Prompt Templates

Previous studies have shown that prompt-based model is
more sensitive to templates, and different templates may
have a large performance gap. We experimented on the MIT
Movie dataset using the two templates mentioned earlier,
where the random word template is words chosen at ran-
dom to populate a word-based template. Table 5 shows that,
the label word-based template performs better than random
word template. However, as the amount of data increases,
the performance differences among these templates become
less significant. Additionally, we observe that the example-
based template performs comparably to the label word-
based template and does not require manual intervention for
design. However, a drawback is that when there are numer-
ous entity categories, the template can become excessively
long, causing the input to exceed the maximum encoding

cates that word prompts can effectively enhance model per-
formance with extremely limited data. Furthermore, PMRC
exhibits strong robustness in terms of templates, thanks to
our model design that effectively leverages the model’s ma-
chine reading comprehension capabilities.

Inference Efficiency

From the perspective of model complexity, the complex-
ity of the encoder in the backbone Transformer model
(Vaswani et al. 2017) is O (n®d + nd?), where d rep-
resents the model’s dimension. The Transformer decoder
performs multi-head attention over the outputs of the
encoder for ¢ autoregressive steps, resulting in a com-
plexity of O ((nzd +nd2) X t). For models like BART
(Lewis et al. 2020), which use both an encoder and an
autoregressive decoder, the overall complexity becomes
O ((n?d + nd?) x (t+1)). In terms of method complex-
ity, PMRC has a complexity of O (1), TemplateNER has a
complexity of O (N?), and QaNER (Liu et al. 2022) has a
complexity of O (C'). Therefore, in theory, PMRC has cer-
tain advantages over the baselines in terms of both model
complexity and method complexity. We conducted experi-
ments on the test set of CoNLLO3 dataset to evaluate the
model’s inference efficiency. The results in Table 6 demon-
strate that PMRC achieves the fastest inference efficiency,
being 40.56 x faster than TemplateNER, 4.59 x faster than
QaNER, and 2.44 x faster than LightNER.
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Model Complexity of Model Complexity of Method SpeedUp
TemplateNER O((n?d +nd?) x (t +1)) O(N?) 1.00x
QaNER (Liu et al. 2022)  O(n%d + nd?) 0(C) 8.83x
LightNER O((n?d +nd?) x (t +1)) 0(1) 16.65x
PMRC O(n%d + nd?) O(1) 40.56 x

Table 6: Results of Inference Efficiency on the CoNLLO03 Dataset.

90 1
85
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S 801
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¢
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3% BERTTagger
654 —&- PMRC
5class 10class 20class 50class

Number of entity types

Figure 3: F1-scores under different number of entity types.

Class Increment Experiment

During the experimental process, we observed that PMRC
exhibited greater performance improvement on the ATIS
dataset, which has a larger number of entity types, compared
to the other two datasets. This suggests that our method may
have an advantage when dealing with a larger number of
entity types. To further investigate this, we conducted exper-
iments on the 10-shot ATIS dataset. Firstly, we performed
negative sampling on the dataset by randomly selecting K
entity types from the training set. Then, we set the entity
labels as “O” for the unselected entity types in both the
training and test dataset, and removed examples that did not
contain any entity types, resulting in the creation of 5class,
10class, 20class, and 50class datasets. Additionally, we re-
peated the negative sampling experiment five times and av-
eraged the results to reduce experimental errors caused by
random selection. Figure 3 shows that our method maintains
a stable performance improvement even when the number of
entity categories significantly increases, while LightNER’s
performance shows a noticeable decline under the 50class
scenario.

Conclusion

In this paper, we propose PMRC, a prompt-based MRC
paradigm for low-resource NER. PMRC enhances perfor-
mance in extremely limited data scenarios by leveraging
prompts that contain label words or examples. Addition-
ally, PMRC demonstrates excellent knowledge transfer ca-
pabilities by assigning entity start and end markers from the
prompts to each token in the input text. We conducted ex-
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tensive experiments in various settings, and PMRC achieved
competitive results in resource-rich environments while sur-
passing state-of-the-art performance in resource-constrained
environments.
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