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Abstract. Equipping personalities to dialogue agents can help to better
engage end-users. However, how to profile personality remains an open
research question due to the difficulties of obtaining real human data.
As classic literary characters often encapsulate typical human personal-
ity traits, literature books has been used as a high quality data source to
construct personality profiles for dialogue agents. Existing work mainly
focuses on using external reviews and human experts’ annotations to
profile character personalities. The in-text comments about the person-
ality of characters in a literature book itself have been ignored. In this
paper, we propose a new NLP task called character comments annota-
tion to annotate the in-text comments about the personality of char-
acters including dialogue utterances and surrounding text, paragraphs
mentioning a character. We constructed new personality annotated dia-
logue datasets based on Gutenberg literature book project. We propose
a workflow to automatically profile literary characters from literature
novel books. Two personality profiling models have been proposed, in-
cluding (i) psychological personality traits vocabulary-based spectrum
(SPECTRUMS) approach and (ii) a tf-idf based words selection as a base-
line approach. We applied the proposed personality models in dialogue
response prediction tasks with ranking-based and generative dialogue
agents. The results show that the fine-tuned dialogue agents with SPEC-
TRUMS profiles surpass those trained without them by 2.5% (Hits 1@20)
for ranking-based, and by 8% (Rouge-1) for generative agents. The im-
plementation of the workflow with study-related resources is publicly
available: https://github.com/nicolay-r/book-persona-retriever

1 Introduction

Dialogue agents are artificial intelligence systems designed to interact with hu-
mans in a natural and conversational manner. Human level attributes (HLA) are
characteristics, traits, or abilities that are typically associated with or possessed
by humans [1]. Personalities are important HLA that help dialogue agents to
be more human-like or near-human, for example, maintaining a consistent style
during multiple rounds of communication [1].

* The work performed while at Newcastle University
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Fig. 1. top: type of data sources utilized for fictional character profiling: (left to right)
reviews, original books, manual descriptions; bottom: extraction of text parts from orig-
inal book that convey character related information (Character Comments) in conver-
sations (between SUMMERLEE and CHALLENGER from “The Lost World” by Arthur
Conan Doyle

Dialogue agents equipped with personalities can be served as virtual assis-
tants in various application areas of our everyday life, including: customer ser-
vice, healthcare, education [8], and entertainment [15]. Within the recent years,
agents with personality profiles demonstrate performance improvements in (i) di-
alogue acts, (ii) repetition reductions, (iii) overall conversation consistency |8,
13]. Most of the background studies are limited in details about characters of
conversation data and hence requires external sources for characters profiling,
including: reviews [22], human-annotated datasets [8]. The problems of using
external resources are: (i) expensive for human annotation and review, (ii) re-
sources usually have quality controlling difficulties, (iii) may lack review data in
some characters or books. However, literature novel books, in which texts are
saturated with information about characters and interactions between them, vi-
sual descriptions, lifestyles, etc.(see Figure 1). Being presented in less accessible
way, literature novel books itself may be counted as a good source of character
personalities.

In this paper we bridge the gap in deeper understanding of fictional characters
of literature novel books by solely based on their in-text information. From
observation of many literature books [17, 16], we found that in-text comments is
a common phenomenon. We refer to comment as a text part which: (i) precedes
or follows the character utterance, (ii) isolated paragraph of texts with character
mentions (see Figure 1). The collection of annotated comments, i.e. comments
for which speaker is defined or belongs to, may serve as a source for personality
profiles construction. The contribution of this work is four fold:
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— We provide methodology for extraction character-related contexts from lit-
erature novel books by proposing a new task called character comments
annotation;

— To profile characters using only raw literature novels, we propose: (i) a work-
flow for automatic character comments annotation, and (ii) the application
of a model (SPECTRUMS) based on an adjective-pairs vocabulary to extract
character personality profiles from these annotated comments;

— Due to the absence of manually annotated character-related information in
literature novel books domain, we construct resource (LDC) which gives an
ability dialogue assistant agents to learn character language styles through
their profiled personalities.

— We evaluated the effectiveness of the constructed character profiles of LDC
in character response prediction task; according to our experiments, the use
of agents with imputed personalities improves those without them by 2.5%
(Hits 1@20) for ranking-based and by 8% (Rouge-1) for generative agents.

2 Related work

In the context of modeling personalities, the research works are branched out into
diverse methodologies, each focusing on distinctive aspects of character repre-
sentation. Labatut et al. [10] offer a survey on modeling characters and proposes
a generalized framework aimed at completion of network, that involves character
representations. This acts as a conceptual roadmap that guides future research on
book processing and character modeling. Inoue et al. [20] employed fized-length
vector (embedding) model for character representation. To construct the related
models, the authors rely on meta-information of quizzes collected from external
resources. From the open-domain chatbots domain, the PERSONA-CHAT [8] rep-
resents dataset which collects dialogues on personal topics, equipped by persona
traits descriptions. Carlsson et al. [16] propose a question-answering method-
ology for understanding character personalities by machine learning model. In
their approach, character descriptions are manually composed following specific
annotator guidelines. Junzhe et. al [22] approached the problem of construct-
ing the personality of the literary characters by automatically distilling charac-
ter traits from commentary articles. The authors select the 10 most frequent
traits, towards which each character becomes mapped at various scales. Open-
psychometrics studies' serves as lexicon of antonym adjective-pairs for manually
annotated characters (amount of 800) by movie experts. To annotate characters
with respect to the given adjective-pairs set, experts were attended in quizzes
aimed at choosing particular adjective in pairs within a certain moment in movie.

Towards the nature of the agents, such systems might be demarcated into two
major classes of the produced response: (i) ranking, and (ii) generative [18, §].
The appearance of the self-attention mechanism with the related system referred
as transformer [6], plays the crucial role in dialogue agent capabilities and ad-
vances [19, 14, 11]. The transformer architecture become commonly distributed

! https://openpsychometrics.org/tests/characters/
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in development of (i) generalized [12, 21] and (ii) target-oriented dialogue agent
types. For the both type of systems, the imputing personalities performed in form
of prompts [8, 13, 9, 22] with personalities mention in textual format. Towards
movie and literature domains, it is common for their authors to experiment with
the transformer’s: (i) decoder part [9, 17], (ii) various encoder-based implemen-
tations of original transformers [15, 9]. Li et. al [15] proposes using factorization
technique to distinct characters and utilize it for choosing counteractive char-
acters in the machine learning model training process, using reviews and movie
subtitles of fictional characters.

However, most of the studies supporting the reviewed methodologies heavily
rely on external resources for profiling characters, such as meta-information [20],
commentary articles / reviews [22, 15], or manually annotated collections [2, 9].

3 Literary Character Profile Construction

We propose two approaches for constructing character personality profiles:

— Direct use of TF-IDF approach or embeddings to select popular words as the
personality profile. This approach might result in non-personality words;

— Use personality lexicon to select representative words. To avoid selecting
antonyms such as rich and poor to profile the same person, we propose an
approach that relies on lexicon of adjective antonym pairs and calculates
membership of these adjective pairs (Section 3.2). This approach is expected
to result in non-overlapping mention of different personality traits.

Figure 2 illustrates the application of character comment annotation for per-
sonality profiling in the form of a workflow. The input is the set of raw books,
for which the external components aimed at extraction of: (i) utterance-related
comments and (ii) non-utterance related comments. In subsequent, some of these
comments become a part of annotated character comments (Cemnts) which con-
sists of comments annotated with the related character (Section 3.1). The out-
put of the workflow consists of two types of constructed personality profiles
(Section 3.2): (i) character individual and (ii) character interdependent [15].
The interdependent profiles play an important role in learning the distributed
representation of characters by dialogue agents [20].

3.1 Characters Comments Annotation

To annotate comments with speaker characters, we do: (i) construct dictio-
nary of most frequent text parts that precede character mentions (D) to select
utterance-related comments, and (ii) select such non-utterance comments that
has mention(-s) of a single character (c¢). Here, D represent the most frequent
text parts that go before the first mention of character in utterance-related
comments (for example: said, remarked in Figure 1). We treat such parts as
sequence of words [wy, ..., wg], limited by k, excluding the mention of c.

For each wutterance-related comments of each book, we follow three steps for
completing dictionary D:
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Fig. 2. Character profiling workflow aimed at profiling characters from literature novel
books by solely rely on in-text comments: (1) dialogues and their surrounding texts,
(2) paragraphs from the books; input: collection of the raw books output represent ma-
trices of: (i) character individual personality profiles and (ii) interdependent character
profiles (embeddings); the preliminary book processing components such as characters
extraction [4], dialogues annotation are bounded in dotted line box

Step 1: Select comments that mention characters. We rely on the assumption
of relatively short entries, limited by k words.

Step 2: Measure the importance of the most representative terms in selected
comments. We follow the assumption that authors of the different
books has the similar terms in commentary the related speaker; to
provide the related assessments, the ¢f-idf measure was chosen;

Step 3: Select relevant text parts. We use threshold (v) for minimum tf-idf
values of text parts to select relevant entries for D.

Finally we select comments that mention characters and annotate them with
speaker as follows. For the utterance-related comments, we select those in which
text part that precedes the mention of the first appeared character presented
in D. Given the selected utterance-related comment, we annotate the related
utterance with the same (first appeared) speaker appeared in comment. Regard-
ing non-utterance related comments, we select only those that mention a single
character?, and annotate them accordingly with that character.

3.2 Spectrum-based Character Personality Profiling

In this paper, we propose the adaptation of character personality profiling model
from the adjective-pair lexicon (FCPexicon) of manually annotated fictional movie
characters [23]. The FCP)exicon yields 264 adjective pairs that represent antonyms
and act as polarities of a single dimension in character profile. We refer to each
polarity of the pair as low and high. Examples of the adjective pairs that are
part of the related lexicon of character polarities are: tiresome/interesting,
smooth/rough, imaginative/practical, etc. For any adjective-pair in partic-
ular, the degree of its membership to the given character dubbed as character
spectrum value. We propose SPECTRUMS profiling model, aimed at composing
character personalities in a form of spectrum values from their information.

2 The case of multiple occurrences of the same literature character in different name
variations is allowed
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Fig. 3. The two-staged SPECTRUMS profiling workflow aimed at construction of per-
sonality profile matrices of two types: (i) character individual personality profiles (A)
(ii) character interdependent personality profiles (A.)

Figure 3 illustrates a two-stage workflow application for completing character
personality profiles.

The first stage aimed at composing the spectrum values individually per
every single character. For the particular character ¢ € C from the literature
novel book and adjective pair p; € FCPlexicon (indexed as j), we rely on its
Cemnts(c) for calculating the result spectrum value for p; (see Figure 2). This
stage involves the following steps:

Step 1: Represent every comment from the character info Cepnts(c) as a se-
quence of unigrams W = [wo, ..., ww];
Step 2: Obtain the related number of p; entries, separately for low (éé.ow) and

high (é;-”gh) polarities across all the unigrams w € W;
Step 3: Calculate p; spectrum value (¢é; € [—1,1]) as a normalized degree of
its membership to low/high polarities using the following formula:
&j = (el — éowy / max(eler, et

Applying steps 1-3 towards the all adjective pairs for F'CPieyicon and all
¢ € C, where each ¢ represents an individual vector (character personality profile)
c = [é1...¢n), where ¢ € R™ and m = |FCPexicon| denotes the lexicon size.
The complete set of {c;}_; could be formed into a matrix A", where n = |C]
is the total number of characters (see Figure 3).

However, such a representation limits our comparison between characters
by remaining at the level of each spectrum individually. To establish a deeper
connection between character personality profiles, in the second stage we
calculate the interdependencies between personalities and rank the similarity
between characters [2]. We use latent factors [2] to transform both characters and
personality profiles into the same latent space to make them directly comparable.
The modeling of features related to matrix A could be treated as factoring
matrix A into: (i) A. (latent factors for characters) and (ii) A; (latent factors
for adjective-pairs). We refer to Conjugate Gradient Method [3] to bring A. - A;
as close as possible to A [15].
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4 FEvaluation Tasks

The constructed personality-based character profiles have a numerous applica-
tions in recommendation, search, and Question-Answering (Q&A) systems. In
this paper, we evaluate the effect of imputing character profiles in character
dialogues based Q&A systems. In particular, the following tasks are considered:

— Dialogue response prediction. This is a prediction task. Given (i) per-
sonality traits (p.) of the character speaker (¢), and (ii) query utterance (u)
addressed to ¢, this task is to predict the most expected response u’ by ¢
from a set of the predefined answer candidates C = {uj...u; }, where v’ € C,
and ¢ is the total number of candidates.

— Dialogue response generation: This is a generation task. Given (i) per-
sonality traits (p.) of the character speaker (¢), and (ii) query utterance (u),
this task is to generate the most expected response u'.

5 The construction of Datasets

We collect 15,332 books from Project Gutenberg? that provides publicly avail-
able free books. We first construct a Literature Dialogue Collection (LDC). Sec-
ondly, we use annotated utterances as well as paragraphs with single charac-
ters to construct a Literature Character Personality Profile Dataset (LPPD)
for (LPPDgprorrums) and (LPPDqgpr). Thirdly, we combine LDC and LPPD
datasets to construct dialogue datasets of two types: (1) LDCsprerrums / LD Corpipr
and (2) LDCyo.pr to facilitate training dialogue agents with and without per-
sonality profiles.

Dataset 1: Literature Dialogue Collection (LDC). To extract the char-
acters and their dialogues from literature books, we conducted the following
processing:

(a) Characters or Speaker Extraction. To extract character speaker names,
we adopt Named Entity Recognition (NER) model from Stanford Core NLP,
keeping PERSON tag in final annotation. To cope with naming variations of
the same characters, the rule-based approach [4] was adopted to conduct
clustering for name variations.

(b) Dialogues extraction. We follow the dialogue annotation algorithm pro-
posed in [17] to extract utterances. Dialogue is defined as a sequence of
utterances, placed in the order of their appearance in text. The default pa-
rameter settings [17] for English texts were used.

(¢) Utterance comments annotation. This step is to annotate the comments
of a character. We compose a dictionary D with £k = 3 and v = 0.01 (see
Section 3.1). We conducted statistics about the position of when authors
mention character names. In our dataset, the majority (i.e., 95%) of mention
happens before the first three words of comments, 29.33% cases mention in
the beginning of the comment, 52% cases mention at the second word, 10%
cases mention at the third word, and less than 5% mention everywhere else.

% https://www.gutenberg.org/
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Raw Text
Books (#) 15332
Speakers (#) 741327
Characters per book (average) 48.35
Books (#) 15332
Dialogues
Dialogues extracted [17] 1767640
Utterances per dialog (average) 7.54

Prefix dictionary application, annotated utterances (Section 3.1) (%) 29.33%
Literature Dialogue Collection (LDC)

Average amount of utterances per book (#) ~634
Annotated query-response pairs (#) 9719917
Table 1. Parameter-value statistics of the composed Literature Dialogue Collection
(LDC), based on books from Project-Gutenberg collection with analysis on every level:

raw texts, dialogues and pair-based query-response pairs

(d) Query-response pairs construction. The result of this step is a union of
extracted pairs from dialogues. We treat each dialogue D = [uy,...uqs] as a
sequence of pairs [p1,...pa—1], where p; = {u;, u;41) for i € 1..d" — 1, where
d' is the total amount of utterances in D. To make sure that each pair has
a known responding speaker, we select those pairs p; in which the speaker
for ;41 is defined.

Table 1 shows the statistic of the processed raw texts, extracted dialogues,
and annotated query-response pairs of the LDC dataset.

Dataset 2: Literature Character Personality Profile Dataset (LPPD).
We adopt the first stage of the proposed personality profile workflow (Sec-
tion 3) on LDC to compose this dataset. We adopt TF-IDF and SPECTRUMS
(see Figure 3) approaches to compose LPPDyy pr and LPPDgpporrums respec-
tively. The application of TF-IDF is as follows. For the particular character
(¢) and its comments Cemnts(c), we calculate the tf-idf measure of each un-
igram of comments. We treat each comment of Ccpnts(c) as a separate doc-
ument in ¢f-idf notation. Figure 4 illustrates personality profiles SPECTRUMS-
based for two characters from LPPDgpporrums. We can see that SUMMERLEE’S
most representative personality spectrum is artistic/scientific. The pole of
scientific has higher value which shows that SUMMERLEE is more scientific
than artistic. For MAC WILLIAMS, the most representative personality spectrum
is beautiful/ugly and the pole of beautiful has higher values.

Dataset 3: Literature Dialogue Response (LDR). We use annotated
query-response pairs from LDC to compose this dataset (LDR) for the evalua-
tion tasks proposed in Section 4. To facilitate the training of dialogue agents with
and without personality profiles, we format LDR by additionally using: (i) per-
sonality profile placeholders, and (ii) personality profile TF-IDF/SPECTRUMS en-
tries from the related LPPD datasets. To prevent dialogue agents from overfit-
ting on the particular names and their mentions, we follow similar studies [15]
to: (1) mask character names, (2) limit the amount of profiles per character to 8.
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(‘artistic', 'scientific') -_- (‘obedient’, ‘rebellious') 1
(‘deranged’, 'reasonable’) 1 (‘leisurely’, 'hurried') 1
('imaginative', 'practical’) o (‘smooth’, 'rough')
('mighty*, ‘puny’) 1 (‘orderly', 'chaotic') 1
(‘human’', 'animalistic') (‘fast’, 'slow') 1
(‘wild', 'tame') q ('beautiful’, 'ugly') -l
0 5 -5 0
count count

Fig. 4. LPPDgprcrroms personality profile examples for: SUMMERLEE from “The Lost
World” by Arthur Conan Doyle (left) and MAC WILLIAMS from “Soldiers of Fortune”
by Richard Harding Davis (right)

Table 2. Input data representation for query sentence addressed to the SUMMERLEE
(Response) from The Lost World by Arthur Conan Doyle, separately for the two type of
the composed data: without personality profiles (left), and with mentioning personality
profiles from LPPDgprorroms (right); associative connection between personality traits
in input with the response is colored in blue

Input formatting example

LDRuxo-er (No personality profile) LDRgprcrruns (Profiles from LPPDgpgorruns)
persona: none persona: I am scientific

persona: none persona: I am reasonable

persona: none persona: I am human

Query sentence
Well, our rope is still more than a hundred|Well, our rope is still more than a hundred
feet long, Surely we could get down. feet long, Surely we could get down.

Response (SUMMERLEE)
How about the Indians in the cave? [How about the Indians in the cave?

Table 2 illustrates an example of the formatting of query-response pairs from
LDRyo-pr and LDRgppcrrums. We use none as a placeholder for the personality
profile (LDRyo.pr). In turn, LDRgprerrums includes a list of personality attributes
(scientific, reasonable, practical) from LPPDgpperpuus for the responding
character (SUMMERLEE) before the query sentence.

6 Experiments

We conducted both empirical and human evaluation experiments on LDR. In
particular, the aim of the experiments is to show the difference between: (i) agents
that employ personality profiles and (ii) without personality profiles.
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6.1 Experiment Setup

To avoid mentions of rare characters in LDC, we followed the practice in similar
studies [15] and selected characters that appear in dialogues at least 100 times.
To deal with relatively short utterances, we set a threshold for the maximum
length of utterances in LDC, which should not exceed 100 words [17]. With these
selection criteria, we reduce the total number of characters from LDC to 400 and
carry out evaluation experiments on new sub dataset dubbed as LDRyo. The
LDRygo represent a 0.4% of LDC content, with ~65 words per utterance across
all dialogue pairs.

Training and validation sets. We split LDRygg into five folds and ap-
plied 5-fold cross-validation to measure the performances of the dialogue agents.
Each split has 80 speakers across 75-80 books, where each fold on average has:
7200 dialogues, and ~ 92 dialogues per character.

Test set. Represent five characters that non presented in LDR4go and most-
frequently appeared in dialogues. These are the following characters: (1) MR.
SuMMERLEE (The Lost World by Conan Doyle), (2) SERGANT CUFF (The Moonstone
by Wilkie Collins), (3) Mr. MAc WiLLIAMS (Soldiers of Fortune by Richard Harding
Davis), (4) ARTHUR DONNITHORNE (Adam Bede by George Eliot), and (5) BucKING-
HAM (Tree Musketeers by Alexandre Dumas Pere). The utterances of these charac-
ters are used as the ground-truth.

Figure 5 (left) illustrates an example of the t-SNE visualization of all the char-
acters of LDC that have the mention of at least 5 personalities in LPPDgpperrums-
The characters of the TEST set are explicitly plotted in this figure.
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Fig. 5. left: t-SNE visualization of characters from LDC that have the mention of at
least 5 personalities in LPPDgprorroms, along side with the characters from the TEST set;
right: two-level character connection representation for negative speaker set annotation

Fine-tuning policy. For all the models we use LDRy4gg training part for
supervised fine-tuning (SFT). We limit SFT by 5 epochs with the result assess-
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ment on validation set every 0.5 epoch with keeping the best state across all
model assessment attempts.

To evaluate the effectiveness of personality profiles, we fine-tune and assess
the models in two stages. On stage#l (“”) we fine-tune agents without person-
ality traits (Table 2, left). On stage #2 (“1”), we obtained model checkpoints
from the stage#l and fine-tune them again on the dataset with the particular
personality profiles (Table 2, right).

6.2 Results

We utilize the ParlAI [5] to experiment with dialogue agents. In particular, we
evaluate ranking based dialogue agents in the dialogue response prediction task
and generative dialogue agents in dialogue response generation task.

Ranking based dialogue agents. We used transformer-based dialogue
agents and IR based models to rank answer candidates. For transformer-based
dialogue agents, we adopt poly-encoder transformer implementation (Teyc-POLY)
[9] that pre-trained on external resources including: Reddit platform posts [7]
and PERSONA-CHAT [13]. To fine-tune Te,.-POLY, we follow the parameters
setup recommended in [9]. Despite the various IR implementations, we adopt this
simple approach?: seeking for the most similar candidate and output the response
from the related exchange. With this approach, we use the cosine similarity
between the input query and candidate responses based on tf-idf measure.

Ranking-based approaches establish relevance between given query and set
of candidates. Therefore, in addition to complement ground truth response with
the other non-relevant responses. In the case where personality traits are not
mentioned in LDR (NO-PT), we use uniform utterances selection across utter-
ances from books of the same set. In the case of mentioned personality profiles
(SPECTRUMS /TF-IDF), we adopt the two-level character clustering approach [15]
(Figure 5, right) to define the most distant characters from the target (c;) char-
acter. For the first level, we set the most closest 10% characters to c;. For the
particular character ¢’y of the second level, we define the 30 most strongly cor-
related to ¢’y characters. Those characters belong to the mentioned two levels
treated as positive characters to ¢y (negative otherwise). As a result, we adopt
uniform utterance selection across utterances from negative character set.

To measure the distance between characters, we refer to the calculation of
cosine similarity. To compose vectors of the TF-IDF profiling models, we first
compose the united set of words, followed by the application of the bag-of-word
model. Following the setting of studies [15], we set ¢ = 20 candidates for each
input query. We over-sample the original training data of LDR4gg by 5 times the
amount of the originally available examples in the train by each time choosing
a different candidate in the list.

Table 3 illustrates the results obtained by ranking models. The following
evaluation metrics were used: precision at k among the total amount of candi-
dates (¢) denoted as kQq, Fl-score for uni-grams, precision (P) and recall (R),

4 https://parl.ai/docs/agent_refs/ir_baseline.html



12 Nicolay Rusnachenko!, Huizhi Liang®

Table 3. 5-fold cross-validation results of the ranking-based models on validation part
of the LDR4oo dataset; “f” denote models fine-tuned on LDR4go (NO-PT), and “I”
denote t-models fine-tuned on LDRugo formatted with SPECTRUMS / TF-IDF profiles

Model LDR.00 @1/20 @5/20 @10/20 F1(P,R) Prec Recall BLEU-4
Format
Tenc-POLY{|SPECTRUMS| 0.516 0.829 0.929 0.574 0.588 0.578 0.516
IR} SPECTRUMS| 0.168 0.442 0.657  0.298 0.297 0.330  0.169
Tenc-POLYT| TF-IDF | 0.504 0.286 0.928 0.567 0.572 0.560  0.505
IRt TF-IDF | 0.161 0.425 0.637 0.295 0.280 0.319  0.161
Tenc-POLYT| NO-PT | 0.503 0.821 0.923 0.563 0.577 0.566  0.503
IRt NO-PT | 0.159 0.438 0.657 0.293 0.291 0.324  0.159

Table 4. 5-fold cross-validation results of the generative models (GPT-2sman) on vali-
dation set of LDR4oo dataset; “t” denote models fine-tuned on LDR4oo (NO-PT), and
“1” denote f-models fine-tuned on LDR4gp formatted with SPECTRUMS / TF-IDF profiles

LDRioo | g1 Ro RL PPL F1(P,R) Prec Recall BLEU-1

Format

GPT-2.mant|SPECTRUMS|0.018 0.006 0.002 25.070 0.139 0.205 0.120 0.089

GPT-2umant| TF-IDF  |0.017 0.005 0.002 25.067 0.129 0.178 0.101 0.087

GPT-2emant| NO-PT |0.012 0.003 0.001 26.100 0.098 0.129 0.114 0.065
No fine-tuning

GPT-2man | —  [0.003 0.001 0.000 54.650 0.027 0.016 0.120 0.016

Model

and BLEU-4. Imputing personality traits in models fine-tuning process (1) shows
better performed models that the ones fine-tuned without personality traits (f)
across both spectrum and tf-idf based personality profiling approaches. In par-
ticular, the application of SPECTRUMS based profiles results in 5% increment by
@1/20 over the models fine-tuned with TF-IDF based character profiles. Ana-
lyzing the results of SPECTRUMS-based models, the Te,.-POLYT results in ~2%
improvement, and IR} shows ~6% performance increment by @1/20 over their
fine-tuned versions without personality traits (Ten.-POLYT and IR} respectively).
Overall, the specturm based personality profiling approaches performed the best.

Generative dialogue agents. We used GPT-24,.1 (124M) as the gen-
erative dialogue agent. To measure model performance, we adopt: BLEU-1,
ROUGE-scores, F1(P,R) based on unigram overlapping, and perplezity of fized-
length models (PPL) [1].

The results are shown in Table 4. The comparison between generative models
and ranking-based models shows that generative models generally do not per-
form as well as ranking-based one. The overall results indicate that the outputs
of the generative models tend to deviate from the expected utterances in the
response. However, from the Table 4 it is possible to observe that personality
traits can enhance the performance of dialogue agents. In particular, GPT-24,.11
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Table 5. Results of the human evaluation (@1/20) on test characters set along side
with the Tenc-POLY} (SPECTRUMS) model application

Character Human Tenc-POLY (SPECTRUMS)

@1/20 |@1/20 @5/20 @10/20 F1(P,R) Prec Recall BLEU-4
SUMMERLEE 0.40 | 0.41 0.75 0.88 0.47 0.47 0.49 0.31
SERGANT CUFF 0.35 | 0.33 0.68 0.88 0.38 0.39 0.40 0.28
Mac WILLIAMS 0.45 0.29 0.65 0.82 0.36 0.37 0.38 0.29
ARTHUR DONNITHORNE| 0.50 | 0.57 0.81 0.97 0.61 0.61 0.62 0.57
BUCKINGHAM 0.50 | 0.50 0.83 0.94 0.55 0.54 0.58 0.36

(SPECTRUMS) shows 8% performance increment (BLEU-1) comparing with GPT-
2smanT without personality profiles.

6.3 Human Evaluation

We perform human evaluation of ranking-based dialogue agents without person-
ality traits on the TEST set. We recruited 4 participants who were researchers
aged 30 — 40 at Newcastle University. To control bias, each participant evaluated
one or two characters. Follow the same setting with automatic ranking-based
evaluation in Section 6.2, for each character, we randomly select 10 testing sam-
ples (each includes an initial line of query utterance along with 20 candidate
responses, one of which is the ground truth). For human evaluation, we use
responses from characters of the TEST set (Section 6.1).

These 200 samples make up a single questionnaire presented in full to each
participant evaluating the corresponding character, and the participant is asked
to select the single top response they think the character would most likely
respond with for each of the ten initial dialogue lines. We mask any character
names within the candidate responses to prevent human participants from using
names to identify which book the responses are from. The results of the human
evaluation in comparison with the proposed approach with personality traits
are shown in Table 5. We can see that the ranking based dialogue agents with
personality profile outperformed human evaluation on the questionnaire with no
personality profiles. This further demonstrate the effectiveness of our constructed
personality based profiles.

7 Conclusions

In this paper, we explore the use of literature character personality profiling
models, which rely exclusively on book content, to enhance dialogue agents’
understanding of characters. To profile a large number of characters, the appli-
cation of a vocabulary-based character personality profiling model (SPECTRUMS)
in comparison to the baseline approach of the whole context terms selection (TF-
IDF) were discovered. For the experiments, the collection of literature novel books
was chosen as a source of character dialogues as well as in-text information about
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them for composing personality traits. With the suggested personality models,
we carry out experiments involving two tasks: predicting character responses for
ranking-based agents and generating character responses for generative agents.
We show that the agents fine-tuned with the personality profiles results in 2.5%
(Hits 1@20) and 8% (Rouge-1) improvement for ranking agents and generative
agents respectively. We believe in importance of these findings for further work
and advances aimed at enhancing retrieval-augmenting systems (RAG) for gen-
erative dialogue agents.
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