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Abstract
Identifying speakers of quotations in narratives is an impor-
tant task in literary analysis, with challenging scenarios in-
cluding the out-of-domain inference for unseen speakers, and
non-explicit cases where there are no speaker mentions in sur-
rounding context. In this work, we propose a simple and ef-
fective approach SIG, a generation-based method that verbal-
izes the task and quotation input based on designed prompt
templates, which also enables easy integration of other aux-
iliary tasks that further bolster the speaker identification per-
formance. The prediction can either come from direct gener-
ation by the model, or be determined by the highest genera-
tion probability of each speaker candidate. Based on our ap-
proach design, SIG supports out-of-domain evaluation, and
achieves open-world classification paradigm that is able to
accept any forms of candidate input. We perform both cross-
domain evaluation and in-domain evaluation on PDNC, the
largest dataset of this task, where empirical results suggest
that SIG outperforms previous baselines of complicated de-
signs, as well as the zero-shot ChatGPT, especially excelling
at those hard non-explicit scenarios by up to 17% improve-
ment. Additional experiments on another dataset WP further
corroborate the efficacy of SIG.

1 Introduction
Speaker identification in literary text aims at identifying the
speaker of quotation in narrative genres such as fictions or
novels (Elson and McKeown 2010), serving as an impor-
tant step for downstream applications such as novel-to-script
conversion (Soo, Yang, and Soo 2019).

Table 1 shows the examples of three types of quotation
in the PDNC dataset proposed for this task (Vishnubhotla,
Hammond, and Hirst 2022), based on whether the speaker
is explicitly indicated by an adjoining expression (explicit),
or appears without an attribution (implicit), or is indicated
by an anaphoric mention (anaphoric). In this paper, the lat-
ter two are referred to as the “non-explicit” case that can-
not be solved by simple superficial narrative patterns, calling
for a deep global understanding of the context surrounding
the quotation, of which the importance is also highlighted
by other related tasks, such as character comprehension in

*Primary work done in WeChat AI.
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Quote Type: Explicit

Quotation (w/ context):
Mrs. Elton hardly waited for the affirmative.
”Well, we shall see.” said Mrs Elton.

Emma was almost too much astonished to answer
Speaker: Mrs Elton

Quote Type: Anaphoric

Quotation (w/ context):
But Mrs. Elton was very much discomposed indeed.
She said:”Rather he than I!”,
Speaker: Mrs. Elton

Quote Type: Implicit

Quotation (w/ context):
”Your father will not be easy; why do not you go?”
”I am ready, if the others are.”
”Shall I ring the bell?”
Speaker: Emma

Table 1: Examples of three quote types in PDNC. The quo-
tation in each example is highlighted in bold.

narrative stories (Yu et al. 2022; Sang et al. 2022). It be-
comes even more challenging for cross-domain inference,
where the system neither has prior knowledge about candi-
date speakers, nor it could identify the absent speaker men-
tioned in context for those implicit cases. Ideally, a practical
system should be able to determine the speakers under any
circumstances, achieving an open-world speaker identifica-
tion paradigm.

Early works on this task involve linguistic-based proper-
ties and designs that can be effective especially for explicit
cases (Elson and McKeown 2010). With the remarkable suc-
cess of pretrained language models (PLMs) such as BERT
(Devlin et al. 2019), recent studies have shifted their fo-
cus towards leveraging PLMs for speaker identification (Liu
et al. 2019), (Pan et al. 2021). However, several problems
still remain. On the one hand, certain previous works di-
vide the speaker identification task into interrelated subtasks
executed with separately trained models, including named
entity recognition and coreference resolution ((Pan et al.
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left_context Target quotation right_context

left_context + “We will have you…” + replied by <mask>, is listened by <mask> + right_context 
Prompt Insertion
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Source text :

Encoder Sequence :

Pre-trained Language Model (Encoder)

Decoder ( Training )

left_context +“We will have you riding the winner at Aintree soon.” + right_context 

Decoder (Inference)
Decoder input for 
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Speaker: Ben,
Addressee: Nanny, John 
Andrew
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candidates:
Speaker: Ben 
Speaker: Nancy
Speaker: John 
Andrew

Ben
Nancy
John Andrew

Loss

Speaker: Ben

Direct 
Generation

Classification by 
Generation

Speaker: Ben

Speaker: Ben
Addressee: Nanny, John
Andrew

Figure 1: Illustration of our proposed approach SIG. Encoder input and decoder output are formatted according to the designed
prompt templates described in Section 3.2. During inference, SIG either generates the speaker directly or determines the speaker
based on the highest generation probability of each candidate.

2021), Yoder et al. (2021)). These approaches face inherent
challenges due to the inevitable error propagation from sub-
tasks that undermines the final performance (Yu, Zhou, and
Yu 2022a). For instance, the performance of the recent state-
of-the-art coreference resolution model is 85.09 F1 (Mi-
culicich and Henderson 2022) on the standard CoNLL-12
benchmark (Pradhan et al. 2012), from which the wrong en-
tity clusters will be accumulated to the next step. On the
other hand, other previous works regard speaker identifica-
tion as span extraction to extract the speaker mention spans
directly from the input (Yu, Zhou, and Yu 2022a), which
may fail in the implicit cases where such mention spans can
not be found in the context surrounding the quotation. For
anaphoric cases, these approaches are sometimes only able
to capture pronouns without localizing the explicit speaker
identity. Additionally, when dealing with implicit instances,
they will always produce incorrect speaker spans, due to the
absence of a correct answer to extract.

Recently, prompt-based methods have been highlighted
by generative Large Language Models (LLMs) such as
ChatGPT. To evaluate LLM’s capability on this task, we also
conduct experiments with zero-shot prompting. Neverthe-
less, inspired by combining prompt engineering and gener-
ative methods, in this work, we propose a new approach for
the open-world speaker identification paradigm, which uti-
lizes generation models and converts the task as open-world
classification, choosing the speaker according to generation
probability, and being able to adopt labels in any form.

Specifically, our approach dubbed SIG (Speaker
Identification via Generation), encodes the quotation and
its context as the input based on our designed prompt
template, then it can either opt to generate the speaker
directly, or to evaluate the generation probability for any
speaker candidates. For the latter case, during inference,

possible candidate speakers are enumerated, and the speaker
with the highest generation probability to fill in the prompt
template is selected as the final answer. In addition, SIG
also introduces auxiliary tasks to capture more implicit
information related to speaker identification, such as pre-
dicting addressees, which is seamlessly integrated into the
designed prompt template as well.

Compared to previous methods, SIG can offer notable
advantages. Firstly, SIG approaches the speaker identifica-
tion task in an end-to-end manner, bridging the input and
output through the prompt template by generation, which
circumvents the inherent drawbacks associated with tradi-
tional pipeline approaches comprising multiple sub-tasks.
Secondly, it is more flexible to handle a variety of situations,
including the implicit cases where the correct answer does
not appear in the context, as well as the cross-domain cases
where the speaker is not seen by the model during training.

Our empirical experiments are mainly conducted on the
Project Dialogism Novel Corpus (PDNC) (Vishnubhotla,
Hammond, and Hirst 2022), of which about 66% are non-
explicit cases. The results demonstrate that SIG outperforms
the state-of-the-art approaches on PDNC by a significant
margin of 4% averaged accuracy for all quotations and a sub-
stantial 17% averaged accuracy specifically for non-explicit
cases. In addition, ChatGPT presents strong performance;
our approach still outperforms zero-shot ChatGPT (GPT-
3.5-turbo) by 9% for all quotations and 2% for non-explicit
quotations. These results indicate that our method achieves
state-of-the-art performance on the cross-domain speaker
identification task on PDNC, especially for complex cases.
In addition, SIG is also evaluated on WP (Chen, Ling, and
Dai 2019), a speaker identification dataset stemmed from a
Chinese novel, and shown surpassing previous baselines by
5.2% on the test set. It is worth noting that although this
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work does not use LLMs for training due to the compu-
tational resource constraints, our proposed approach could
adopt LLMs in the future for further enhancement.

Overall, our contributions to this work are fourfold:
• We propose SIG, an approach for speaker identification

via prompt-based generation, achieving open-world clas-
sification on speakers, to be a new paradigm for this task.

• Experiments suggest that SIG outperforms existing meth-
ods as well as zero-shot ChatGPT on PDNC, demonstrat-
ing superior performance on cross-domain evaluation and
the harder non-explicit cases.

• SIG is also shown to outperform baselines on WP for the
in-domain evaluation setting, showing the robust perfor-
mance of our proposed approach.

2 Background and Related Work
Speaker Identification Previous works have proposed
several datasets for evaluation. Elson and McKeown (2010)
introduces the CQSA corpus, which contains quotations
from 4 novels and 7 short stories that are annotated. Bam-
man, Lewke, and Mansoor (2020) released LitBank corpus,
an annotated dataset of 100 English fictions, aimed at sup-
porting various tasks including entity recognition, corefer-
ence resolution, and speaker attribution. The recently pro-
posed Project Dialogism Novel Corpus (PDNC) (Vishnub-
hotla, Hammond, and Hirst 2022) comprises 22 comprehen-
sive works of fiction, encompassing 12,773 explicit quota-
tions and 23,205 non-explicit quotations, being the largest
dataset for training and evaluation.

Previous Approaches Elson and McKeown (2010) first
introduces quote attribution in literary narratives by assign-
ing speaker tags to quoted speech. They utilize rule-based
and statistical learning techniques to identify candidate char-
acters, determine their genders, and attribute each quote to
the most likely speaker. Muzny et al. (2017) proposes a de-
terministic, two-step methodology for quotation attribution.
A sequence of progressively intricate filters is utilized to ini-
tially associate each quotation with a mention, and then it
proceeds to link the mention to a character entity.

Moving to the era of PLMs, Chen, Ling, and Liu (2021a)
proposes a candidate scoring network based on BERT along
with a revision algorithm to identify the speaker. Yu, Zhou,
and Yu (2022b) resolves speaker identification as a span ex-
traction task and applies the extractive Question-Answering
paradigm to address it. Pipeline approaches are also main-
stream (Bamman, Lewke, and Mansoor 2020; Xu and Choi
2022), utilizing BERT to independently train base models
for modules such as coreference resolution (Xu and Choi
2020). Vishnubhotla, Hammond, and Hirst (2022) enhances
this approach by restricting the set of candidates to resolved
mention spans from the coreference resolution step for direct
quotation-to-entity linking, resulting in state-of-the-art per-
formance on PDNC. These studies highlight the significance
of PLMs for speaker identification while also leaving room
for improvement due to several disadvantages as discussed
above.

Template-based Approach Brown et al. (2020) is among
the first works to utilize prompts for solving text classifi-

cation tasks. Schick and Schütze (2020) further employs
a template-based approach to transform text classification
into a cloze-style problem, by training the model to fill in
the provided slots. Cui et al. (2021) has formulated tem-
plates for both input and output, selected the optimal choice
by the option of the most likely generation, addressing the
few-shot Named Entity Recognition (NER). The generative
paradigm has also shown success in other NLP tasks (Xu
et al. 2017; Lu et al. 2021). In this work, we adopt the gen-
erative paradigm for open-world classification that has been
advocated in other areas (Xu et al. 2023). The success of
these approaches in other areas demonstrates the feasibility
of incorporating specific prompt templates for task verbal-
ization aligned with the pretraining stage.

3 Methodology
3.1 Task Definition
Before delving into the specifics of our proposed approach,
the basics of the speaker identification task are clarified as
follows: Within the context of narrative corpus, sentences
can be categorized into two distinct types: those containing
direct speech by characters (referred to as quotations), and
those comprising narrative descriptions. Our task revolves
the extraction of pertinent information from the contextual
surroundings of quotations that is subsequently employed to
determine the most likely speaker. The names and aliases of
potential speakers can be pre-collected. Our approach targets
to identify the speaker for a given quotation accompanied by
its surrounding context.

3.2 Approach Introduction
Figure 1 illustrates our proposed approach SIG. It takes the
quotation along with its left and right context as template-
input, generating the speaker directly, or a score for each
candidate speaker. To initiate the process, the source prompt
template is inserted with a placeholder <mask> positioned
after the quotation. Guided by the target prompt template,
the model encodes the designed input and starts the auto-
regressive mechanism for generation to fill the speaker can-
didate in the target template.

As shown in Figure 1, SIG inserts the prompt containing
the placeholder after the quotation, and defines the task flex-
ibly verbalized by natural language, which minimizes the
gap between the pretraining and finetuning for models such
as BART (Lewis et al. 2020), and helps to better leverage the
internal knowledge of PLMs.

Prompt Template Design Different prompt templates are
examined as shown in Table 3. Concretely, both the source
(input) and target (output) can be augmented with prompts
such as “replied by:” or “speakers:”. For the source tem-
plate, it is followed by <mask>, processed by the encoder;
while for the target, the decoder is expected to fill with the
correct speaker. Additionally, we also experiment with the
naive version without any templates, where the decoder gen-
erates the speaker directly based on the encoded quotation
and context, without using the placeholder <mask>. These
prompts verbalize the task naturally and instruct the model
to pay more attention towards the quotation.
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Prompt Template with Auxiliary Task One of the advan-
tages for prompt-based task verbalization is that we can eas-
ily integrate other tasks together by adding more instructions
to the template. In this work, we also investigate incorpo-
rating the auxiliary task for speaker identification. Here, we
train the model to simultaneously recognize both the speaker
and the addressees of a quotation, learning to disentangle the
multi-party interactions in a dialogue, which may potentially
bolster the quotation attribution itself. Moreover, given that
both the addressees and the speaker are typically represented
by personal names, predicting the addressees strengthens the
model’s attention towards the pertinent person names in the
context.

In our approach to integrate with the auxiliary addressee
prediction, we simply extend the prompt by adding “is lis-
tened by <mask>” in the source template, and “Addressee:”
in the target template, as depicted in Figure 1. For the infer-
ence, the model will still produce the speaker first, and the
predicted addressees could be discarded.

Table 4 also shows results with other auxiliary tasks, e.g.
gender identification. SIG adopts addressee prediction as it
leads to the best result empirically.

3.3 Inference
Direct Generation As SIG operates upon the generative
model, it is straightforward to generate the speaker directly.
We take the quotation and its context as the input, for-
matted by the prompt template, and model generates the
speaker of the quotation without decoding constraints. The
predicted speaker is then parsed from the generated output.
For evaluation, it is judged whether it belongs to one of the
speaker candidates or aliases from gold labels. However, this
process could potentially introduce the following disadvan-
tages. First, the generated output sometimes does not match
the corresponding speaker accurately. For example, if the
string generated by the model is Beaver, it is difficult to re-
solve whether it refers to Mrs. Beaver or Mr. Beaver. Sec-
ond, it is harder to control the generation, especially when
the model also adopts other auxiliary tasks.

Classification by Generation To address the drawbacks
in direction generation, we propose to guide the generation
process by providing the speaker candidates to the decoder.
We begin by listing all candidate speakers for the given quo-
tation, and for each candidate, we obtain its generation prob-
ability according to the trained model. Thus, this paradigm
supports any forms of speakers, including new speakers un-
seen during training, or speakers that do not appear in the
surrounding context.

As speaker names can often be of different lengths, in or-
der to cope with this situation, we take the averaged prob-
ability of the output, and select the one with the highest
probability to be the final prediction. The score for the ith
candidate can be denoted as follows:

f(Ti) =

m∑
c=1

p(tc|t1:c−1,X)/m, (1)

where Ti = (t1, .., tm) is the target template output with

Speaker: Emma (score: 0.6) √
Speaker: Jack (score: 0.2) ×
Speaker: Jack Bill (score: 0.1) ×
…

Target Template

Input Speaker Candidate List

Encoder Decoder

BART

Figure 2: Classification by generation: each speaker candi-
date is fed to the decoder, and its generation probability is
obtained; the highest option is selected as the final predic-
tion.

length m, X is the source input, and p represents the proba-
bility from the decoder at each step.

3.4 Training
Given a speaker quotation q, its left context cl and right
context cr, the source prompt template ts, the input for the
model X is formulated as follows:

[CLS] ⊕ cl ⊕ q⊕ ts ⊕ cr ⊕ [SEP], (2)

where ⊕ represents concatenation (example in Figure 1).
The model encodes the provided input, and the output is
conditioned on the hidden state of the input, following the
standard encoder-decoder architecture. The training adopts
teacher-forcing, where the model is optimized to minimize
the negative log-likelihood of the gold output sequence, de-
noted as below:

L = −
m∑
c=1

log p(tc|t1:c−1,X) (3)

The training is the same for either direction generation or
classification by generation. Thus, the trained model is flex-
ible to choose the inference according to specific scenarios.

4 Cross-Domain Experiments
4.1 Dataset
Our main experiments are conducted on Project Dialogism
Novel Corpus (PDNC) (Vishnubhotla, Hammond, and Hirst
2022), a recently introduced dataset specifically designed for
analysis on English literary text. PDNC stands out as the
largest dataset for this task, encompassing a diverse range
of genres such as science fiction, literary fiction, children’s
literature and detective fiction, each contributing to a stylis-
tically varied speech style.

To elaborate, PDNC consists of a compilation of 22 ex-
tensive novels, comprising a total of 35,978 identified and
annotated quotations that enable training. These annotations
capture crucial attributes including the speaker, addressees,
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and quotation type. Quotations within PDNC are catego-
rized into three distinct types as introduced in Table 1: ex-
plicit, implicit, anaphoric.

4.2 Evaluation Protocol
As PDNC consists of multiple novels, it enables cross-
domain evaluation, such that the model is evaluated on the
test set that has no overlapped novels from the training. It
is a more practice scenario, which is also adopted by PDNC
authors (Vishnubhotla, Hammond, and Hirst 2022; Vishnub-
hotla et al. 2023), as the trained model should be able to rec-
ognize speakers upon any literary, rather than only for those
limited novels seen during training.

Following the evaluation outlined by previous works, our
results are reported as averaged accuracy over five experi-
ments. For each experiment, four novels are randomly se-
lected as the test set, while the remaining novels are used for
training the model. The process ensures that no novels are
select twice in the test set.

In addition, previous works also exclude instances from
training and evaluation where speakers have fewer than 10
annotated quotations. This step was taken to mitigate the po-
tential impact of minor characters, which often fall under the
long-tail distribution, thereby ensuring a more focused and
insightful analysis. Our experiments keep the same setting,
to be comparable with previous approaches.

4.3 Experimental Approaches
BookNLP BookNLP is an NLP tool tailored for English
literary text. Its processing pipeline encompasses various
tasks, including but not limited to named entity recogni-
tion, conference resolution, and speaker attribution. During
the speaker attribution phase, BookNLP initiates the process
by employing the entity recognition and conference reso-
lution models to identify person clusters within a specified
window surrounding the quotation. A BERT model incorpo-
rating contextual, positional, and gender cues then assigns
scores to mention spans located within this window. The
mention span with the highest score is then selected as the
attributed speaker.

To ensure alignment between the extracted mention spans
from BookNLP and the labels within the PDNC corpus, we
suitably relax the matching criteria. Any mention span that
corresponds to a mention span within the PDNC is consid-
ered correct. Additionally, if an incorrect mention span is
clustered to the correct answer, it is still considered a valid
choice.

BookNLP+ In a complementary effort, Vishnubhotla et al.
(2023) enhances BookNLP by constraining the set of can-
didates to resolve mention spans stemming from the coref-
erence resolution step. This refined approach directly estab-
lishes a link between quotations and entities, achieving state-
of-the-art results for the cross-domain evaluation on PDNC.

Large Language Models (LLMs) We employ ChatGPT
(gpt-3.5-turbo-0613) from OpenAI for the zero-shot experi-
ments. Certain efforts for prompt engineering are performed
to refine the task prompts. Especially, Chain-of-Thought

Non-Explicit Total
BookNLP 0.46/0.39 0.68/0.66
BookNLP+ 0.53∗/- 0.68∗/-

ChatGPT 0.70/0.71 0.71/0.71

SIGD 0.56/0.51 0.57/0.54
SIG 0.70/0.73 0.72/0.78

Table 2: Accuracy for the cross-domain evaluation on
PDNC, broken down by quotation types. For BookNLP+,
we take the reported accuracy from Vishnubhotla et al.
(2023). For each other approach, we report both the mean
and median accuracy of the five repeated experiments de-
scribed in Section 4.2. Our proposed approach, SIG is shown
to obtain the best accuracy.

(CoT) (Wei et al. 2022) is also adopted for all LLM experi-
ments. Due to the expense of API usage, we conduct only a
single evaluation of ChatGPT.

Since LLMs are not trained for this task, we employ a
lenient metric for evaluation. A response is considered cor-
rect as long as the true speaker’s name (or one of its aliases)
appears as a substring in the response. Thus, our reported
results for ChatGPT can be considered as an upper bound
performance under our specific prompt setting.

RoBERTa We also adopt RoBERTa (Liu et al. 2019) as
the encoder-only model for the conventional classification
paradigm, where a linear layer is stacked on the last layer
of hidden state, followed by softmax to classify speakers di-
rectly. We keep the same prompt template as SIG for the
source input. However, since this method can only perform
in-domain evaluation, and cannot handle speakers not seen
during training, we report the in-domain evaluation results
separately from the main cross-domain evaluation.

SIGD This method is the Direct generation setting of our
proposed approach, described in Section 3.3.

SIG This method adopts the classification as generation
setting of our approach, which is more flexible than SIGD.
Both SIGD and SIG employ BART (Lewis et al. 2020) as the
sequence generation PLM.

4.4 Results and Discussions
Table 2 shows the cross-domain evaluation results with
approaches described in Section 4.3. Several observations
could be made as follows.

First, Table 2 suggests that SIG surpasses all baselines,
including the zero-shot ChatGPT, for both non-explicit quo-
tations or for all quotation types, achieving the new state-of-
the-art for the cross-domain setting. Notably, our proposed
method demonstrates an improvement of 4% for all types,
and especially a significant 17% for the non-explicit quota-
tions. The superior results underscore SIG’s robust general-
ization capability to identify speakers in unseen domains and
novels, as well as recognizing the speakers for non-explicit
quotations beyond the superficial cues.
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Source Template Target Template Accuracy
No Source template No target template 56.34
“Quotation + replied by: <mask>” No target template 58.12
“Quotation + replied by: <mask>” replied by: <Candidate speaker> 66.32
“Quotation + replied by: <mask>” Speaker: <Candidate speaker> 68.43
“Quotation + Speaker: <mask>” replied by: <Candidate speaker> 58.14
“Quotation + Speaker: <mask>” Speaker: <Candidate speaker> 64.44

Table 3: Results on PDNC using different prompt templates with BART, described in Section 3.2. Though these prompts are
quite simple, evaluation suggests that they indeed have quite an impact on the final performance. SIG adopts the prompt template
of the best performance highlighted by bold.

Second, ChatGPT obtains impressive results, despite it
has not undergone any task-specific training for PDNC. Par-
ticularly, Table 2 shows that by simply performing zero-shot
inference along with appropriate prompt engineering, Chat-
GPT outperforms both BookNLP and BookNLP+ that are of
sophisticated approach design by good margins. It indicates
that LLM-based methods are future-proofing, such that they
either resolve tasks directly through their powerful under-
standing and reasoning abilities, or can be used for training
that serves as a direct substitution of conventional genera-
tive models such as BART. In this work, we do not adopt
training with open-source LLMs due to constraints of our
computational resources.

4.5 Ablation Studies
Prompt Templates Table 3 shows evaluation results with
various prompt templates for speaker identification without
adding auxiliary tasks. Notably, by judiciously selecting an
appropriate pair of prompt templates, the performance re-
ceives a substantial increase of 12.1% compared to not us-
ing any prompts at all. In light of these outcomes, SIG adopts
the best-performing template from these subsequent exper-
iments. The results further corroborates the importance to
align the finetuning task to the model’s pretraining stage to
better induce its internal knowledge.

Auxiliary Tasks The performance of speaker identifica-
tion accompanied by different auxiliary tasks is depicted in
Table 4. As observed, training with either addressee iden-
tification (71.59%) or gender identification (69.51%) yields
enhanced results compared to training without any auxiliary
tasks (68.43%). Conversely, when the model is trained with
fiction classification to identify which novels the quotation
comes from, there is a noticeable decline by more than 5%.
These findings underscore the notion that not all auxiliary
tasks are able to boost the main task of speaker identifica-
tion. Consequently, a careful selection of appropriate auxil-
iary tasks is imperative to optimize performance.

5 In-Domain Evaluation
5.1 PDNC Experiments
Distinct from the cross-domain evaluation in Section 4, in-
domain evaluation provides the same set of novels for both
training and evaluation. Thus, speaker candidates remain the

Auxiliary Task Accuracy
None 68.43
Fiction Identification 63.38
Gender Identification 69.51
Addressee Identification 71.59

Table 4: Results on PDNC adopting different auxiliary tasks.
SIG employs the addressee prediction as an auxiliary task,
as it achieves the best performance.

Train Test
Cross-Domain 28105 (32.8%) 5989 (34.7%)
In-Domain 11235 (100%) 22589 (0%)

Table 5: The number of quotations of the training and test
set on PDNC for the cross-domain evaluation and in-domain
evaluation. The ratio of explicit quotations is shown in
parentheses.

same, and the trained model gains prior knowledge regard-
ing those speakers after finetuning.

Though the in-domain evaluation is a less practical set-
ting, as the model may not be able to recognize unseen
speakers, it can be regarded as an upper bound of the model
capability, since for the same novel, a model with prior
speaker knowledge is likely to outperform the model that
is trained on other novels. For this setting, we compare SIG
with the conventional classification paradigm, where we uti-
lize RoBERTa, described in Section 4.3, to directly classify
the attributed speaker for a quotation during evaluation.

Following the setting outlined in (Vishnubhotla, Ham-
mond, and Hirst 2022), the training and test set for each
novel is organized based on quotation types. Specifically,
the training set comprises only explicit quotations, while the
remaining quotations (implicit and anaphoric) are assigned
to the test set. This is a harder setting than randomly split-
ting quotations as training or evaluation, as now the model
does not see any non-explicit quotations during training,
which requires generalization of the model capacity. The
overall statistics for cross-domain and in-domain evaluation
on PDNC is provided in Table 5.

Table 6 shows the evaluation results by top-k accuracy
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Top 1-5 Accuracy
RoBERTa 69.39 / 78.56 / 80.23 / 82.45 / 84.55
SIG 64.45 / 75.32 / 78.36 / 83.16 / 86.31

Table 6: The performance for the in-domain speaker iden-
tification. Top 1-5 refers to the correct answer being within
the top 1 to top 5 predictions by the model.

(a) Output embedding from
RoBERTa.

(b) Speaker embedding
from SIG.

Figure 3: t-SNE visualization of the embedding distribution
on the test set for PDNC. Output from the same novel is
marked by the same color.

of RoBERTa and SIG. Furthermore, Figure 3 provides the
t-SNE visualization of the output embedding from both ap-
proaches. For RoBERTa, it is the averaged embedding of a
quotation that is used for classification; for SIG, it is the de-
coder embedding of the speaker names.

Upon analyzing the results in Table 6 and Figure 3, we
could arrive at the following conclusions:
• Table 6 shows that even compared to RoBERTa which

is designed specifically for in-domain speaker identifica-
tion, SIG lags behind by less than 5% without any mod-
ification, and starts to surpass Roberta consistently when
k ≥ 4 (by 0.7% when k = 4, with larger margin when k is
larger). Importantly, SIG is also ready to perform cross-
domain evaluations that RoBERTa cannot handle at all.

• By Figure 3, it becomes apparent that the output embed-
ding of SIG exhibits clustering based on novels, whereas
certain embedding of RoBERTa is notably distant from
the clusters. This observation suggests that SIG is adept
at capturing the relationships associated with the labels
of candidate speakers.

5.2 WP Experiments
WP (Chen, Ling, and Dai 2019) is a dataset annotated on
the Chinese novel World of Plainness. The name list was
collected manually and contained 125 roles that occurred
throughout the novel. Chen, Ling, and Liu (2021b) further
extended this dataset by making additional annotations and
obtained 2596 quotation instances in total. WP only supports
in-domain evaluation as it only comprises one novel.

Baselines
• Candidate scoring network (CSN) (Chen, Ling, and

Liu 2021b): this method follows a three-step pipeline,

Dev Test

CSN - 82.50
E2E-SI 78.60 80.90
SIGD 85.27 85.89
SIG 85.81 86.15

Table 7: Accuracy for the in-domain evaluation on WP.
Baselines are described in Section 5.2, and their results are
directly taken from the original papers.

nearest mention location(NML), candidate scoring net-
work(CSN) and speaker alternation pattern. Initially, an
input instance accompanied by the name list is sent to
NML to obtain a set of speaker candidates. Subsequently,
each candidate is sent to CSN to generate its score. A re-
vision based on SAP is then implemented on the quota-
tion that produces the final decision.

• End-to-End Speaker Identification (E2E-SI) (Yu, Zhou,
and Yu 2022b): for each quotation input, this method
extracts speaker spans appeared in surrounding con-
text, similar to the extractive Question-Answering model,
where it identifies start and end positions of the predicted
speaker spans for the final decision.

Since WP does not provide additional information such as
addressees, all models are trained for speaker identification
only, without other auxiliary tasks.

Results Table 7 shows the evaluation results on WP. SIG
outperforms the two baselines by 3.6% and 5.2% respec-
tively. Particularly, SIGD obtains comparable performance
as SIG, indicating that even with direct generation with-
out seeing the speaker candidates, the simple generation
paradigm with prompt templates could still be superior to
the pipeline or encoder-only approaches.

6 Conclusions
In this work, we propose SIG, an approach that supports
the open-world speaker identification on literary text. SIG
adopts the generation-based method, verbalizing the task
and quotation input based on designed prompt templates;
especially, SIG is flexible integrating other auxiliary tasks
by simply extending the prompt. The inference can be ei-
ther direct generation, or select the speaker candidate with
the highest generation probability, enabling inference on dif-
ferent domains whose speakers are not seen by the model
during training. Evaluation on PDNC demonstrates that SIG
surpasses all baselines, as well as the zero-shot ChatGPT,
particularly excelling in cross-domain non-explicit speaker
identification scenarios that demand a profound comprehen-
sion of context. Additional in-domain evaluation on PDNC
and WP further confirms the efficacy of SIG.
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