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Abstract

In this thesis, we study the task of Named Entity Recognition (NER) which has multiple

applications in practice. First, we reformulate Named Entity Recognition as a Question

Answering problem (QA). We apply it in few-shot learning which diminishes the necessity

of data labelling, making it very appealing in practice. In many cases, in which we

applied few-shot learning, we achieve performance comparable to state-of-the-art methods.

Nevertheless, NER as QA performs worse compared to other methods in the literature when

trained on a lot of training data. Secondly, another issue we focus on is robustness of NER.

Existing methods for NER are biased and not robust to adversarial attacks. To address these

issues, we propose using an auxiliary task which aims to predict the named entity types

based only on the context. The model is trained in the auxiliary task concurrently with

the standard NER task in RockNER, an adversarial dataset. Nevertheless, no substantial

improvements were observed in the standard NER task, whereas performance in the

auxiliary task was reasonably high.
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Περίληψη

Η αναγνώριση ονοµάτων οντοτήτων (Named Entity Recognition) αποτελεί ένα σηµαν-

τιϰό πρόβληµα στον τοµέα της επεξεργασίας φυσιϰής γλώσσας (ΕΦΓ, Natural Language

Processing, NLP), ϰαϑώς διαϑέτει πολλές εφαρµογές στην πράξη. Αρχιϰά, µετασχηµατί-

ζουµε το πρόβληµα της αναγνώρισης ονοµάτων οντοτήτων σε πρόβληµα απάντησης

ερωτήσεων (Question Answering). Εφαρµόσαµε την µέϑοδό µας έχοντας διαϑέσιµα λίγα

παραδείγµατα εϰπαίδευσης (few shot learning). H µάϑηση µε λίγα παραδείγµατα εϰ-

παίδευσης παρουσιάζει ιδιαίτερο ενδιαφέρον, διότι δεν απαιτεί το ϰόστος της συλλογής

πολλών δεδοµένων ϰαι της ανάϑεσης ετιϰετών σε αυτά. Σε πολλές περιπτώσεις όταν

είχαµε λίγα παραδείγµατα εϰπαίδευσης, η µέϑοδός µας ήταν εξίσου επιτυχηµένη µε τις

ϰαλύτερες µεϑόδους που υπάρχουν στη βιβλιογραφία. Ωστόσο, η µέϑοδός µας όταν δια-

ϑέτει πολλά παραδείγµατα εϰπαίδευσης δεν είναι εξίσου επιτυχηµένη µε άλλες µεϑόδους

που υπάρχουν στη βιβλιογραφία. Στη συνέχεια, ασχολούµαστε µε το ζήτηµα της ανϑεϰ-

τιϰότητας (robustness) στην αναγνώριση ονοµάτων οντοτήτων. Η παλαιότερη βιβλι-

ογραφία δείχνει ότι τα µοντέλα δεν είναι ανϑεϰτιϰά ϰατά την αναγνώριση ονοµάτων

οντοτήτων, µε αποτέλεσµα να έχουν ϰαι προϰαταλήψεις (bias). Για να περιορίσουµε

αυτά τα προβλήµατα, προτείνουµε τη χρήση ενός βοηϑητιϰού προβλήµατος (task), που

στοχεύει στο να προβλέπει τις ϰατηγορίες των ονοµάτων οντοτήτων αποϰλειστιϰά από

τα συµφραζόµενα. Το µοντέλο εϰπαιδεύεται ταυτόχρονα στο ϰυρίως πρόβληµα (αναγ-

νώριση ονοµάτων οντοτήτων) ϰαι στο βοηϑητιϰό πρόβληµα (πρόβλεψη ϰατηγοριών ον-

τοτήτων από τα συµφραζόµενα). Ωστόσο, παρατηρούµε ότι η προσϑήϰη του βοηϑητιϰού

προβλήµατος δεν βελτιώνει τις επιδόσεις στο ϰυρίως πρόβληµα, παρ’ όλο που οι επιδό-

σεις στο βοηϑητιϰό πρόβληµα είναι σχετιϰά υψηλές.
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1Introduction

1.1 What are the problems we solve?

In this thesis we worked on Named Entity Recognition (NER). NER is a subfield of infor-

mation extraction that aims to find and classify named entities present in some input text

[44].

First, we give an overview of a new paradigm in NLP, prompting, which reformulates NLP

tasks into language modeling (LM) tasks.

Secondly, we reformulate NER as a Question Answering (QA) problem by prompting

QA models. We apply it mainly in few-shot scenarios where limited training data are

available.

Finally, we propose an auxiliary task hoping that it will help NER models make better

decisions using context. We apply the auxiliary task concurrently with the NER task in

a fully supervised setting on adversarial datasets. The aim of the adversarial datasets

is to check the robustness of NER models against changes in the context and against

replacements of the named entities.

1.2 Why are they important?

NER has been used in multiple applications, from improving customer support
1
to extract-

ing Protein–Protein Interactions [8].

Prompting has gained much importance recently due to its success in few-shot learning

[5, 47]. In many real-world problems we observe a scarcity of available examples and

labelling more data requires significant time and resources or might even be unattainable.

Therefore, there is an urgent need to learn exclusively from few labelled samples. The

use of few-shot learning is really appealing in this respect, because it can diminish the

necessity of data collection and labelling and, thus, save time and resources, which are

necessary in order to create efficient machine learning models.

1

https://www.allerin.com/blog/exploring-named-entity-recognition-use-cases-across-industries
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Previous work has shown that the main factor influencing NER decisions is the named

entities themselves, while context is used in a much smaller degree [2]. This leads to a lack

of robustness and bias problems [1, 36]. By making better use of context, these problems

may be significantly reduced.

1.3 What has been done until now and what’s our
contribution?

Reformulating NER as QA already exists as a concept in the literature. Previous work first

fine-tuned NER as QA in a fully supervised setting and then tried zero-shot [24] or few-shot

evaluation [61] on a different dataset. Apart from fine-tuning in a fully supervised setting

and trying few-shot on a different dataset, we apply downsampling for some specific or all

named entity types of a dataset.

Regarding the auxiliary task, previous work did an interpretability analysis for NER and

tried to predict the types of the named entities using only the context exclusively during

inference [2]. In contrast, we train the model to predict the types of the named entities

using only the context.

The main findings of this thesis are:

• Reformulating NER as QA performs comparably to state-of-the-art methods for

few-shot learning.

• Reformulating NER as QA performs worse than other results in the literature when

trained in a fully supervised setting.

• Regarding adversarial datasets, no substantial improvements were observed in the

NER task, whereas performance in the auxiliary task was reasonably high.

1.4 Thesis Structure

The remaining of the thesis is organized as follows:

Chapter 2

In chapter 2, we survey prominent prompting approaches.

Chapter 3

1.3 What has been done until now and what’s our contribution? 2



In chapter 3, we describe our NER as QA method, the datasets which were used and our

experimental results.

Chapter 4

In chapter 4, we describe our auxiliary task, the dataset we used and the results of this

method.

Chapter 5

Chapter 5 concludes and proposes directions for future work.

1.4 Thesis Structure 3



2Background

2.1 Background

Recently, much attention has been drawn to prompting. Below, we give an overview of this

new paradigm in NLP. Prompting converts downstream tasks to LM tasks. The prompt is

created using a template T that adds text including a [MASK] token to an input text x. We

also need to create a verbalizer that maps labels to words from the model’s vocabulary.

For instance, suppose a downstream task is binary sentiment analysis and an input sentence

is x = ‘This song is my favourite music of all time.’. We can define a template like ‘[Χ] It is

[MASK]’. Then after filling slot [X] with input text x, the prompt xprompt turns into "This

song is my favourite music of all time. It is [MASK]". What is fed into the language model

is the prompt xprompt. We can use label words such as "good" and "bad" which correspond

to the labels positive and negative respectively. The model must predict label words, as

the most probable filler of the [MASK] slot.

Prompting has seen a great success in few-shot learning. The most famous prompting

papers are GPT3 [5] and PET [47]. GPT-3 is an autoregressive language model with 175

billion parameters, which achieved remarkable results without tuning the LM parameters.

The PET paper used a much smaller LM (millions of parameters) and suggested to fine-tune

(further train on end-task data) the LM while simultaneously using ensemble learning

with many dinstict prompts and semi-supervised learning. For a detailed survey you can

also read [28].

2.2 Manual Prompt

The simplest way to define a prompt is to manually write templates based on human

intuition about the task that we want to solve. However, it is non-intuitive for some

tasks and the models are highly sensitive to the context making hand-written templates

sub-optimal [17, 46]. As a result, we measure a lower bound of what language models

"know".

4



In order to deal with these issues, a variety of methods have been recommended to automate

the template creation process.

2.3 Discrete Prompt

Some authors suggest searching in the discrete space for templates. Below, we provide an

overview of some basic methods that were proposed recently.

A simple approach is to use a thesaurus to find synonyms of template words [58]. Round

trip translation (also known as back-translation) can also be used to translate an initial

manual template to another language and then translate back to the original language in

order to generate a paraphrased template with probability Pforward(b | a) * Pbackward(c | b) ,

where a is the initial template, b is the translated template in another language, c is the

paraphrased template in the original language [17].

Other work trains a masked language model (rewriter) which uses a hand-crafted prompt

as an input and then replaces the entire input sequence with the closest tokens in the

embedding space. Then, a different frozen (not fine-tuned) BERT model takes these new

tokens as an input and makes predictions [13]. This method is called "BERTese", you can see

Figure 2.1 for an example. A difference from the previous approaches is that "BERTese" first

applies the template to the input and then it paraphrases producing a separate paraphrase

for each downstream task sentence.

Some authors use the sequence to sequence T5 pre-trained model [40] to generate template

words [10]. They add a single sentinel token (e.g. <X>) for the prompt to the input of the

model and let T5 fill it. Τhus, they just define the label words and the place where the

additional text will be positioned in the input to the model. They don’t have to pre-define

the length of the additional tokens which is required for masked language models like

BERT. This is because T5 has been pre-trained to replace each sentinel token by one or

more tokens. An example is given in Figure 2.2.

Other work [4] uses a domain adaptation algorithm that has a two-step multi-task mech-

anism. First, they train T5 to generate the domain name and some predefined domain

related words for each input and then the task label is predicted. For any unseen domain

during training, T5 generates a training domain name and some words from training

domains. Then, these are used to create a prompt for a classification task. An example is

given in Figure 2.3.

Factual probing task aims to measure factual information present in LMs. Prior research

scrapes Wikipedia to find templates given subjects and objects of a factual probing task

2.3 Discrete Prompt 5



(LAMA [38]). They use frequent middle words or dependency paths between the subject

and the object as a template, because they often indicate the relationship between the

subject and the object [17].

Some researchers insert “trigger” tokens in the input and initialize them as [MASK] tokens.

Then at each step, they use the equation Vcand = top-k
w∈V

[
win

T ∇ log p(y|xprompt)
]
, where

the gradient is taken with respect to the input embedding of x
(j)
trig

and win is the input

embedding of vocabulary wordw. With this equation they find a candidate set of words that

are estimated to give the highest increase in probability. Then, the current trigger token is

replaced by the word of the candidate set that maximizes the probability p(y|xprompt). A

drawback of this method [49] is that the “trigger tokens” are not always interpretable.

Fig. 2.1: Image from the BERTese paper [13].

2.3 Discrete Prompt 6



Fig. 2.2: Image from the Making Pre-trained Language Models Better Few-shot Learners paper

[10].

Fig. 2.3: Image from the PADA paper [4]. Sydney-siege is the domain name and hostages, cafe,

gunman are domain related words.

2.3 Discrete Prompt 7



2.4 Continuous Prompt

The previous methods constrain the template words to be vocabulary words. Next, we

describe some methods that don’t have this constraint and search in the continuous

embeddings space for the proper template words. One approach inserts some virtual

tokens into the input of LM and learns the word embeddings of them while keeping the

LM parameters frozen [12, 21, 60]. These embeddings can be initialized randomly, with

words from vocabulary or for classification tasks with the embeddings of labels words

(a.k.a. verbalizer). Some authors have found that, if models exceed billions of parameters,

continuous prompt can perform equally well with updating all LM parameters [21]. This

success may be attributed to the large depth of the large language models. Previous works

have shown that the deeper the network is, the more expressive the first layers are [32,

50]. Regarding the interpretability of continuous prompts, prior research has found that

even when we add an auxiliary loss term that maps continuous prompts to arbitrary or

irrelevant natural language text, the results are similarly successful to the best continuous

prompts [19]. As a result, they suggest not to interpret continuous prompts with nearest

neighbour projection.

Prefix-tuning adds a prefix to the input in order to augment the context. This method

optimizes all layers of the prefix while keeping the rest of the LM frozen [23]. Overall, a

difference of continuous prompts compared to Adapters [15] is that the latter are added

between layers. In summary, continuous prompt is both a template construction method

and a light-weight parameter update method.

2.5 Tuning free prompting

Another parameter update method is sometimes called "Tuning free prompting". It keeps

all LM parameters frozen and predicts using only the help of additional text, which is

added in the input. This approach seems very appealing, because it is extremely memory

efficient, as we can use the same model for multiple tasks. Moreover, zero-shot learning

can be used and catastrophic forgetting [43] cannot occur. Nevertheless, models may

be very sensitive to the wordings of the template text which is added in the input. One

application of this approach is factual probing which is also considered one of the first

applications of prompting in the literature [38].

Frequently, it is used for few-shot learning by adding at the beginning of the sentence some

priming examples (a.k.a demonstrations) as context to the evaluation example. One example

is shown in Figure 2.4. “In-context learning” or “priming” refers to this combination of

demonstrations and tuning free prompting. “In-context learning” became known with

the GPT-3 paper [5] whose largest model performed well on a wide variety of tasks. By

2.4 Continuous Prompt 8



employing “in-context learning” in a natural language interface even inexperienced users

could create NLP systems. A drawback of “in-context learning” is that it is mostly successful

when applied to very large scale models (billions of parameters).

Fig. 2.4: Image from GPT-3 paper.

There are several ways to select which demonstrations are added in the input. The simplest

approach is to follow the GPT-3 paper and randomly sample examples from the training

set in order to concatenate them with the input. However, this approach has several

disadvantages. Some scholars suggest that “in-context learning” in GPT-3 is susceptible

to majority label bias, i.e., a type of bias which favours label words that are common

in the demonstrations [59]. For example, when performing the binary classification

task and providing only demonstrations with positive label, GPT-3 is extremely biased

towards predicting that class. They also found that GPT-3 suffers from recency bias which

means that it usually predicts answers which are identical to the labels of the most recent

demonstrations. Furthermore, recency bias prevails over majority label bias. For instance,

in the binary classification task, when performing 4-shot learning where only the last

demonstration has a negative label, GPT-3 is biased towards predicting the negative class.

Moreover, GPT-3 is prone to common token bias, i.e., it favours outputting tokens which

can also be identified in its pre-training distribution [59]. To mitigate these problems it is

proposed to first calculate probabilities for a context-free input (e.g. Input: Subpar acting.

Sentiment: Negative Input: Beautiful film. Sentiment: Positive Input: N/A. Sentiment: ).

Then they use the real input (e.g. the prompt would be “Input: Subpar acting. Sentiment:

Negative Input: Beautiful film. Sentiment: Positive Input: Hilarious. Sentiment:”) to get

the probability distribution P. To make final predictions they multiply element-wise P with

the inverse of context-free probabilities. Entropy-based methods can also be used to rank

each prompt ordering and find the best order of demonstrations [31]. Another approach

for choosing which demonstrations to add in the input, is to use sentence embeddings to

find training examples that are similar (in terms of sentence embedding similarity) to the

test example [10, 26] .

Some recent works suggest, before applying “in-context learning” for some task, to con-

currently train the model on a collection of other tasks, in which they have added demon-

strations [35, 54]. A similar approach is to fine-tune on a large collection of tasks using

prompting and then do zero-shot learning on different tasks [45, 54]. Using multiple

2.5 Tuning free prompting 9



prompts per dataset has been found to generalize better to unseen tasks [45]. This ap-

proach matched GPT-3 “in-context learning” performance for several tasks despite being

16 times smaller.

2.6 Prompt-based fine-tuning

Prompt-based fine-tuning uses prompts, but also updates the parameters of the LM. This

approach is primarily applied for LM which have only millions of parameters in few-shot

scenarios, because it is efficient to train such language models in contrast to larger ones.

Prompt-based fine-tuning has been particularly successful for classification tasks that are

easily reformulated in a LM format [10, 46, 47]. This approach leads to large improvements

mainly in low resource settings compared to the standard fine-tuning paradigm without

prompts, that was used by papers like RoBERTa [29] and BERT [9] which use a fine-tune

head. Nevertheless, a disadvantage of prompt-based fine-tuning compared to tuning-free

prompting is that we usually need to keep a different model for each task increasing

memory requirements, except for the case where multi-task learning is applied.

2.7 Why prompting works?

According to the dominant view, the effectiveness of prompts can be attributed to their

ability to act as instructions for downstream tasks [5, 54]. Prior work found that when

using prompt-based fine-tuning, just adding a [MASK] token to the input (a.k.a NULL

prompt) performs comparably to manually written templates [30]. They believe that the

success of prompting is partly because of predicting on a [MASK] token with a pre-trained

MLM head. Another work [53] does prompt-based fine-tuning for the task of natural

language inference and finds no statistically significant difference between relevant and

irrelevant templates at any number of few-shot learning training instances. For instance, a

relevant template they tried is, ‘[premise] Should we assume that “[hypothesis]” is true?

[MASK]’ and an irrelevant template they tried is, ‘[premise] Single-family zoning is bad for

American cities.“[hypothesis]”? [MASK]’. Nevertheless, they empirically show that mis-

leading templates, such as ‘[premise] Does that have the same meaning as "[hypothesis]"?

[MASK]’, learn slower than instructive templates. They claim that gains from prompting

are a result of better pattern matching and not of learning from instructions.

2.6 Prompt-based fine-tuning 10



3NER as QA

3.1 Introduction

In this chapter we reformulate NER as a Question Answering (QA) problem. We apply

NER as QA in both fully supervised setting and few-shot scenarios.

3.2 Related Work

The application of prompting for NER has already drawn the attention of several re-

searchers. Some researchers use BART [22] and enumerate all possible n-grams which are

applied to pre-determined templates [7]. They use templates like ‘[candidate_span] is a

[entity_type] entity’.

Another work proposes "LightNER" [6] which uses the idea of soft-prompting by adding

key-value pairs at every layer l of Transformer while updating only prompt parameters.

Formally, they use the following equation:

Attentionl = softmax(Ql[Kl; ϕl
k]T√

d
)[V ; ϕ_vl]. (3.1)

"LightNER" also learns weights to leverage different label words of each named entity.

Template free-prompt tuning [22] uses BERT [9] and creates a verbalizer by using wikidata

Knowledge-base. They explored mapping labels to frequent words in the knowledge

base, to words based on the LM output distribution or to virtual label words (continuous

vectors).

The last years, we have observed a trend of transforming NLP tasks to question answering

(QA). Some work transformed multiple NLP tasks into question answering [34]. For

instance, for summarization they asked the question "What is the summary?". Regarding

reformulating NER as QA, some researchers first fine-tuned in a fully supervised setting

and then they tried zero-shot [24] or few-shot evaluation [61] on a different dataset.

11



3.3 Datasets

• The CoNLL03 [51] dataset is one of the most widely used datasets for the task of

Named Entity Recognition. We use the English version which contains news stories

from Reuters in 1996. It contains 4 named entity types as shown in Figure 3.1.

Miscellaneous entity refers to an entity that is not a person, an organization or a

location.

Fig. 3.1: CoNLL03 training distribution.

3.3 Datasets 12



• MIT-Restaurant [27] dataset consists of spoken queries on restaurant searching and

booking. It contains named entity types such as location, price and restaurant names.

The test distribution of named entity types is shown in Figure 3.2.

Fig. 3.2: MIT test distribution.

3.3 Datasets 13



3.4 Model

Our method reformulates Named Entity Recognition as a question answering problem. We

create templates such as "Which [E] is present in the text? \n [X]", where [E] is a slot for

named entity types like person, location etc. and [X] is an input slot for the input. Symbol

"\n" helps to distinguish the question from the input. As an example consider the sentence

x="Rare Hendrix song sells for almost $17000" (Figure 3.3). For the person entity type we

have a template of the form "Which Person is present in the text? \n [X]", where [X] is the

input slot. After applying the template to x we get the xprompt = "Which Person is present

in the text? \n Rare Hendrix song sells for almost $17000". The named entities generated

are enclosed in brackets, because we use a text-to-text model and we need to distinguish

different named entities of the same named entity type present in a sentence.

QA model

Rare Hendrix song draft sells for almost $17,000.

Which Person is present in the text? \n Rare Hendrix song draft sells for almost  $17,000.

x

xprompt

[ Hendrix ]

Fig. 3.3: Our NER as QA model.

The model we used is Unified-QA [18] which is an instance of T5 already trained on a

variety of QA tasks, including extractive QA datasets like SQuAD [42] and SQuAD2.0 [41].

For this reason, we expect good few-shot NER performance. We note that the Unified-QA-

v2-1363200 base variant of Unified-QA is used. A drawback of utilizing Unified-QA as our

question answering model is that we need to learn the beginning and the end identifier of

an entity in order to distinguish multiple different named entities present in a sentence.

We enclosed named entities inside brackets. During inference, we ask an input sentence a

different question for every named entity type, which is not scalable for big datasets with

many named entity types.
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Briefly, we describe below a high level formulation of the forward pass. Given an input

sentence x we apply a template and we get xprompt which is fed into Unified-QA encoder

producing the following:

henc = Encoder(xprompt) (3.2)

where henc ∈ Rn×d
and d is the hidden state dimension.

At each timestep t of the decoder, we get a vector

hdec
t = Decoder(henc, o1:t−1) (3.3)

where hdec
t ∈ Rd

and d is the hidden state dimension and o1:t−1 are the previous output

words of the model (at inference time) or the ground truth previous output words (during

training).

The conditional probability of the correct output ot at timestep t is:

p(ot|o1:t−1, xprompt) = softmax(hdec
t W + b) (3.4)

where W ∈ Rd×|V|
, b ∈ R|V|

, d is the size (dimensions) of the decoder’s hidden state

and |V| is the vocabulary size of the pretrained model. We then apply the negative log

likelihood loss between the desired output and decoder output.

L = −
m∑

t=1
log p(ot|o1,t−1, xprompt) (3.5)

3.5 Experimental Results

3.5.1 Training details

In all experiments we used Unified-QA-v2-1363200 base model and the Adafactor optimizer

[48]. We tried learning rates 0.0001, 0.001, 0.0002. Usually, smaller learning rates performed

better. The batch size is set to 12. The dropout rate is set to 0.1 . Early stopping is also

used on F1 to avoid overfitting.

When using CoNLL03 dataset, we trained for 7 epochs. When using MIT-Restaurant

dataset, i.e., for few-shot learning, we trained Unified-QA for 30 epochs.

During inference, for every sentence we need to ask a question for every possible named

entity type. Nevertheless, a sentence may not have a particular named entity type and
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the model should learn to generate the proper text for unanswerable questions. For this

purpose, during training we add some unanswerable questions. If a question doesn’t have

an answer, we consider "<no answer>" as the correct (ground truth) answer. Usually, for

most named entity types we use an equal amount of questions that have answers and that

are unanswerable.

For few shot learning we run all the experiments four times and we report average scores

over the four repetitions.

3.5.2 Evaluation

We evaluate all the different models based on their performance over the test datasets. In

the following equations TP, FP, and FN represent the True Positives, False Positives, and

False Negatives respectively. Precision calculates what percentage of named entities found

by the model is correct.

Precision = TP
TP + FP (3.6)

Recall calculates what percentage of named entities existing in the dataset is found by the

model.

Recall = TP
TP + FN (3.7)

The evaluation metric we report is F1-score. F1-score is the harmonic mean of the precision

and recall.

F1 = 2 ∗ Precision ∗ Recall
Precision + Recall (3.8)

We removed BIO-tags and consider that a named entity is correct only when it is an exact

match of the corresponding entity in the dataset sentence. We do entity-based (as opposed

to token-based) evaluation, i.e., all the tokens of an entity name (and only those) need to

be identified correctly, for the entity name to be counted as a true positive. When our

model considers as a named entity words that are not consecutive in the input sentence,

we regard it as an extra False Positive that is included when calculating the results.

During inference, when two or more text spans are given distinct labels, despite having

text overlap, we only keep the text span with the maximum score to avoid prediction

inconsistencies. This approach is also adopted by [7].
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3.5.3 Results

We compare our approach with other methods existing in the literature. LSTM-CNNs-CRF

[33] utilizes a CNN [20] for characters representations that are combined with word-level

representations. Both are fed into an LSTM [14] and followed by a CRF layer. LUKE

[56] is an MLM that augments the attention mechanism by adding an entity-aware query

mechanism, which considers the type of the tokens (words or entities) when calculating

self-attention. Label Refinement for Sequence Labeling [11] uses ideas from Bayesian

Neural Networks and encodes word-to-label interactions in the attention mechanism of

the Transformer Architecture [52]. BERT [9] uses a bidirectional Transformer encoder

with a fine-tune head on top. MRC for Named Entity Recognition [24] and Example-NER

[61] use BERT and reformulate NER as a QA problem. NER as Dependency Parsing [57]

uses the Biaffine model on top of a multi-layer LSTM. Sequence Labeling BART [7] uses

BART encoder with a fine-tune head on top. Label-Agnostic sequence labelling [55] uses a

nearest-neighbor approach which copies labels from retrieved neighbors. TemplateBART

and LightNER were explained in Section 3.2. MP-NSP [16] is a prototype based method

that also performs self-training on external web data.

Supervised learning
First, we evaluate our method in a standard fully supervised setting. As shown in Table 3.1,

our approach does not perform as well as the other methods. We observe that NERasQA

has the lowest recall and f1-score. The comparison between our results and the results

of MRC for Named Entity Recognition indicates that perhaps UnifiedQA is not the most

suitable model for the task. Note that, when comparing different methods, they do not

always use the same tokenizers.

Traditional Models Precision Recall F1
LSTM-CNNs-CRF[33] - - 91.2

LUKE [56] - - 92.4

Label Refinement for Sequence Labeling[11] - - 92.0

MRC for Named Entity Recognition[24] 92.4 93.2 92.8

NER as Dependency Parsing [57] 92.8 92.1 92.5

Sequence Labeling BERT [9] 91.9 91.5 91.7

Sequence Labeling BART [7] 89.6 91.6 90.6

Few-shot Friendly Models Precision Recall F1
Label-Agnostic Sequence Labelling [55] - - 89.9

TemplateBart [7] 90.5 93.3 91.9

LightNER [6] 92.3 93.4 92.9

NERasQA (Ours) 91.3 84.7 87.9

Tab. 3.1: Fully supervised setting performance on the CoNLL03 dataset.

Few-shot learning
First, we create a few-shot learning scenario on CoNLL-2003 by downsampling, which

reduces the training examples for some specific named entity types. Specifically, we down-

sample the CoNLL-2003 training set and generate 4,001 training sentences which include

2,496 Person named entities, 3,763 Organization named entities, 100 Miscellaneous named

entities and 100 Location entities. For more information about the training distribution,
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Models PER ORG LOC* MISC* Overall

Sequence Labeling BART [7] 75.7 73.5 58.7 57.3 66.8

BERT[9] 76.2 75.3 61.5 59.3 68.1

TemplateNER [7] 84.4 72.6 71.9 73.3 75.5

LightNER [6] 90.9 76.8 81.5 52.0 78.9

NERasQA(ours) 86.7 74.2 78.2 56.3 76.3

Tab. 3.2: In-domain few-shot F1 performance on the CoNLL03 dataset. * indicates a few-shot entity

type.

Source Methods 10 20 50 100 200 500

None BERT[9] 21.8 39.4 52.7 53.5 57.4 61.3

Sequence Labeling BART[7] 6.3 8.5 51.3 52.2 56.3 60.2

TemplateNER[7] 46.0 57.1 58.7 60.1 62.8 65.0

LightNER[6] 48.5 58.0 62.0 70.8 75.5 80.2

NERasQA(ours) 47.3 57.8 65.8 70.2 73.7 76.2

CoNLL Label-Agnostic[55] 4.1 3.6 4.0 4.6 5.5 8.1

Example-NER[61] 25.2 26.1 26.8 26.2 25.7 25.1

BERT[9] 27.2 40.9 56.3 57.4 58.6 75.3

MP-NSP[16] 46.1 48.2 49.6 49.6 50.0 50.1

Sequence Labeling-BART[7] 8.8 11.1 42.7 45.3 47.8 58.2

TemplateNER[7] 53.1 60.3 64.1 67.3 72.2 75.7

LightNER[6] 58.1 67.4 69.5 73.7 78.4 80.1

NERasQA(ours) 47.7 60.3 66.9 69.7 74.2 77.0

Tab. 3.3: Few-shot F1 on the MIT Restaurant dataset when using 10, 20, 50, 100, 200, and 500

training instances per entity type. The "Source" column indicates whether the models

where trained from scratch (None) or pre-trained on CoNLL.

we refer readers to Section 3.3. As shown in Table 3.2, NERasQA performs better than

most other methods in this setting. In general, prompt-based methods outperform Se-

quence Labeling BART and BERT with a large margin. This demonstrates the success of

prompting on few-shot scenario. Surprisingly, the two highest performing methods overall,

i.e., LightNER and NERasQA, perform better on low-resource type Location compared to

high-resource entity type Organization. This may be explained by the hypothesis that

these methods better leverage the knowledge of LMs for this entity type.

Next, we used MIT-Restaurant dataset where we randomly sample a fixed number of

training instances per entity type (10, 20, 50, 100, 200, 500 instances). First, we train on MIT

Restaurant without having trained on CoNLL data beforehand. We observe that NERasQA

performs better than all other methods in all k-shot settings except for the LightNER

method. However, for k= 50 NERasQA outperforms LightNER. High performance of

NERasQA can be explained by the fact that it was trained beforehand on several QA

datasets.

In another few shot scenario, we utilized the already fine-tuned on CONLL model and then

we further trained the model on MIT-Restaurant. We only used again a limited number of

training examples from MIT-Restaurant dataset (10, 20, 50, 100, 200, 500 instances). We

observe no gains compared to training from scratch on MIT-Restaurant. Our method is
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closer to Example-NER [61] that reformulates NER as QA problem. Example-NER [61]

performs much worse than our method, because it applies fine-tuning only on the CoNLL

dataset not on the MIT-Restaurant dataset.

Note that we tried also other templates apart from "Which [E] is present in the text? \n

[X]" but the performance was worse.

Briefly based on the above, NERasQA performed comparably to the best methods when

overall we only trained on limited data. Nevertheless, when the model was trained on the

full CoNLL dataset and then was evaluated on it or further trained on MIT-Restaurant, it

did not perform well.
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4Auxiliary Task for NER

4.1 Introduction

Apart from work on few shot learning, we have also developed an auxiliary task for Named

Entity Recognition (NER), which the model is trained to perform concurrently with NER,

in an attempt to improve performance in the NER task. The auxiliary task requires the

model to predict the types (categories) of masked named entities, based only on their

context.

4.2 Related Work

Previous work found that the primary element that influences NER results is learning the

named entities, while context affects predictions at a smaller degree [2]. Specifically, during

testing, they masked the entire dataset one word each time and made NER predictions

depending only on the context resulting in a large drop in performance. Each word was

masked exclusively during the testing process, while masking was not applied while

fine-tuning. Another finding of the study is BERT’s ability to recognize successfully the

entity type from the context, despite the fact that humans are often unsuccessful in this

respect.

Other researchers created adversarial attacks and observed significant drop in NER perfor-

mance when replacing named entities with others of the same named entity category [25].

BERT has been found not to be robust to named entity replacements on Natural Language

Inference, Coreference Resolution, and Grammar Error Correction tasks [3]. Other work

substituted named entities with other similar entities of a different nationality and found

that the performance of NER models highly depends on the entities of each country [1].

Similarly, other work empirically showed that models have better performance when

person named entities are white names [36].
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4.3 Dataset

The dataset we used is OntoRock [25]. The dataset is created by applying two different

types of attacks to the development set and the test set of OntoNotes [39]. Firstly, the

original entities were substituted fromWikidata, which are out of the training distribution,

in order to create entity-level attacks. Secondly, by using BERT [9], the context words

were replaced by others of similar semantics but out of the training distribution, in order

to create context-level attacks. It is important to note that while the context changed, the

syntax remains correct. Both adversarial attacks were also applied concurrently. OntoRock

contains 11 named entity types. More information about OntoRock Dataset can be found

in Table 4.1.

Train Dev Test
# Sentences 59,924 8,528 8,262

# Tokens 1.1M 148k 153k

# Entities 55,008 7,482 7,433

# Attacked Entities N/A 6,962 6,939

% Attacked Entities N/A 93.05 93.35

# Attacked Context Words N/A 16,155 15,664

% Attacked Sentences N/A 98.03 97.53

Tab. 4.1: Statistics of the OntoRock dataset [25].

4.4 Model

We create an auxiliary task that tries to predict the types of the named entities using only

the context. We mask the named entities present in the sentence and feed the result into

the T5 model [40]. The desired output of T5 is a sequence containing the types of named

entities present in the initial NER sentence. The auxiliary task is trained concurrently with

the NER task.

Figure 4.1 illustrates the following example. Consider the sentence ‘John broke his leg’.

We mask the named entities present in the sentence and get ‘<extra_id_0> broke his

leg’ which is fed into T5 model. The desired output is a sequence containing the types

of named entities in the input sentence, i.e., in the specific example ‘<extra_id_0>
Person <extra_id_1>’. We have a distinct sentinel token (<extra_id_>) for every
named entity in the input sentence. Intuitively, with the auxiliary task we hope that the

model learns to predict named entities using the context exclusively.

For the main task we feed into the T5 model the initial NER sentence and expect Τ5 to

generate for every named entity their named entity type followed by the respective named

entity itself. Figure 4.2 shows the following example. Consider the previous sentence ‘John
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T5

John broke his leg

<extra_id_0> broke his leg

x

xauxiliary

<extra_id_0> Person <extra_id_1>

Fig. 4.1: Auxiliary task using the T5 model. The model is expected to generate the named entity

category of every named entity present in the sentence.

broke his leg’ which is fed into T5 model. The desired output is a sequence containing the

types of named entities in the input sentence followed by the named entities themselves,

i.e., in the specific example ‘Person John’.

The training procedure uses the same equations (Eq. 3.2 - 3.5) as mentioned in Section 3.2

above. We use use the base variant of T5, which has 220 million parameters.

4.5 Experimental Results

4.5.1 Training details

As stated previously we trained concurently the main and the auxiliary task. We con-

catenate the two datasets and randomly sample examples from the combined dataset.

Regarding the auxiliary task, we removed the following sentences, as there was nothing

the model should learn from them:

• all the sentences without any named entities,

• all sentences whose tokens are all part of a named entity,
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T5

John broke his legx

Person John

Fig. 4.2: Main NER task using the T5 model. The model is expected to generate a sequence

containing the types of named entities in the input sentence followed by the named

entities themselves.

• all sentences whose tokens are all part of a named entity or stopwords or punctuation

marks.

The dataset size of the auxiliary task ended up being less than half the main dataset size.

We used the extra prefix tokens <prefix1>,<prefix2> to differentiate the 2 tasks. We tried

learning rates 0.0001, 0.001 for Adafactor optimizer. We also tried AdamW optimizer with

learning rate 0.0001. We set batch size to 12. Some experiments were done with gradient

accumulation 2. We trained for 6 epochs. Early stopping is also used on F1 in order to

avoid overfitting. We set dropout to 0.1.

4.5.2 Evaluation

Suppose you have the aforementioned sentence ‘John broke his leg’. As stated previously,

for the auxiliary task we mask the named entities, i.e., ‘John’. We consider as a correct

answer generating the types of named entities in the input sentence, i.e., ‘Person’.

For both tasks we calculated the F1-score using exact match. For more information about

this metric, we refer readers to Section 3.5.2.

4.5 Experimental Results 23



Models EntityDev F1 ContextDev F1

RoBERTa-CRF 61.6 84.8

RB-CRF+Entity Switching* 63.1 83.7

RB-CRF+Random Masking* 63.8 84.3

RB-CRF+Mixing Up* 59.0 85.0

SimpleT5(ours) 55.6 76.2

MultiTaskT5(ours) 56.8 76.9

Tab. 4.2: Validation performance on OntoRock datasets. EntityDev implies attacks were made on

the named entities. ContextDev implies attacks were made on the context . * implies

data augmentantion techniques were used. MultiTaskT5 indicates results on the standard

NER dataset when training concurently the main and auxiliary task.

Models EntityDev F1 ContextDev F1

MultiTaskT5 (ours) 56.8 76.9

MultiAuxTaskT5 (ours) 70.3 70.6

Tab. 4.3: MultiTaskT5 indicates results on the standard NER dataset when training concurently

main and auxiliary task. MultiAuxTaskT5 indicates results on the auxiliary task we

created when training concurently main and auxiliary task.

4.5.3 Results

We compare our methods with the existing in the literature. RoBERTa with a CRF layer

on top is one baseline. To improve the robustness of NER models, data augmentantion

techniques [25] have been proposed. Entity Switching replaces each named entity with a

different named entity of the same type. Random Masking randomly changes every letter

of every named entity. Mixing Up concatenates the first half of a sentence with the second

half of another sentence, where both sentences contain a common named entity type. We

provide other methods’ results as illustrated in RockNER paper [25].

Regarding our methods, we train T5 on OntoRock using only the main NER task (SimpleT5).

We observe worse performance compared to Roberta-CRF and other methods which use

data augmentantion ideas in both datasets. All methods showed much better performance

on Context-Dev, where context-level attacks were made, comparing to Entity-Dev where

entity-level attacks were made. This confirms the view that the primary factor that

influences NER results is learning the named entities.

Next, we use concurrently both the auxiliary and the main NER task (MultiTaskT5). As

we can see in Table 4.2 only marginal improvements were observed on main NER task of

RockNER dataset when trained concurrently with the auxiliary NER-dataset. Surprisingly,

the auxiliary task (MultiAuxTaskT5) performed pretty well even for the ContextDev (see

Table 4.3). The above demonstrate that T5 may provide the correct answer in the auxiliary

task for the wrong reasons and not due to making better use of the context.
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Models EntityDev F1

MultiTaskT5 (ours) 56.8

MultiTaskT5-Negative (ours) 56.7

MultiAuxTaskT5 (ours) 70.3

MultiAuxTaskT5-Negative (ours) 71.3

Tab. 4.4: MultiTaskT5 and MultiAuxTaskT5 are the models we reported in Table 4.3. MultiTaskT5-

Negative indicates results on the standard NER dataset when training concurently main

and auxiliary task using additionally some negative examples. MultiAuxTaskT5-Negative

indicates results on the auxiliary task we created when training concurently main and

auxiliary task using additionally some negative examples.

T5 probably exploits some spurious correlations to perform relatively well on the auxiliary

task, because this doesn’t transfer to improvement in the NER task. In order to reduce

spurious correlations between the named entity types and the masked tokens of T5 (the

<extra_id_> tokens), we added some negative examples during training. We used Sentence-

T5 [37] to find training sentences from those which did not have any named entities, that

are similar (in terms of sentence embedding similarity) to the training examples of auxiliary

task. For example, suppose Sentence-T5 selected the sentence ‘What kind of memory ?’.

We added a sentinel token ‘<extra_id_0>’ at a random position inside the selected sentence

and T5 should generate ‘<extra_id_0> none <extra_id_1>’. Nevertheless, as we can see in

Table 4.4, no substantial improvements were observed. Performance in the auxiliary task

(MultiAuxTaskT5-Negative) continued to be reasonably high.
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5Conclusions

5.1 Key takeaways

In this thesis we examined different scenarios of the Named Entity Recognition (NER) task.

Initially, following the work of [24, 61], we reformulated NER as a Question Answering

(QA) problem. The model we used was Unified-QA [18] which is trained on a variety of

QA tasks.

First, we only kept few-shot examples for some named entity types, whereas the other

types contained a lot of examples in the CoNLL03 dataset [51]. Our approach outperforms

most other methods like BERT or prompt-based template-NER [7] except for LightNER [6].

In another few-shot setting, where every named entity type has only few examples, our

method similarly performed better than most other methods on the MIT-Restaurant [27]

dataset. These results can be explained by the fact that the model we used, Unified-QA

[18], was trained on multiple QA tasks.

Nevertheless, when trained on the full CoNLL03 dataset [51] and evaluated on its test

set, our method performed worse than the results in the literature. When the already

fine-tuned model on CoNLL03 was further trained on MIT Restaurant and evaluated on

MIT-Restaurant test set, similarly our method had no gains in performance from using

the fine-tuned on CoNLL03 model. These results illustrate that Unified-QA does not work

well when training on a lot of data.

Concerning NER robustness, previous work found that the primary factor that influences

NER results is learning the named entities themselves [2]. This characteristic of NER

models leads also to bias problems [1, 36]. We tried to alleviate this problem by using an

auxiliary task that tries to predict the named entity type using only the context. This task

was trained concurrently with the standard NER task using the T5 model [40]. However,

no substantial improvements were observed in the main NER task of the OntoRock dataset,

whereas in the auxiliary task T5 performed moderately well. We suspect that this result

is attributed to spurious correlations between the context and the named entity types or

spurious correlations between the named entity types and the masked tokens of T5 (the

<extra_id_> tokens).
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5.2 Further work

In future work, we plan to better understand the spurious correlations present in the

auxiliary task. We will also try alternative training strategies for the auxiliary and the

main task, e.g. using an auxiliary loss weight in order to better control the contribution

of the auxiliary task. We also plan to implement this approach in models trained with

Masked Language Modeling (MLM), which are more suitable for the task of Named Entity

Recognition. MLM models do not have the problem of text-to-text models (such as T5)

which can generate non-successive words as named entities. MLM models also performed

much better on the OntoRock dataset compared to T5. We also plan to evaluate on

the validation set which contains both context and entity attacks and then evaluate on

Test-sets.
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