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Abstract

Character-based dialogue (aka role-playing) enables users to
freely customize characters for interaction, which often relies
on LLMs, raising the need to evaluate LLMs’ character cus-
tomization capability. However, existing benchmarks fail to
ensure a robust evaluation as they often only involve a single
character category or evaluate limited dimensions. Moreover,
the sparsity of character features in responses makes feature-
focused generative evaluation both ineffective and inefficient.
To address these issues, we propose CHARACTERBENCH, the
largest bilingual generative benchmark, with 22,859 human-
annotated samples covering 3,956 characters from 25 detailed
character categories. We define 11 dimensions of 6 aspects,
classified as sparse and dense dimensions based on whether
character features evaluated by specific dimensions manifest
in each response. We enable effective and efficient evalua-
tion by crafting tailored queries for each dimension to induce
characters’ responses related to specific dimensions. Further,
we develop CharacterJudge model for cost-effective and sta-
ble evaluations. Experiments show its superiority over SOTA
automatic judges (e.g., GPT-4) and our benchmark’s potential
to optimize LLMs’ character customization.

Introduction
Character-based dialogue (aka role-playing) popularly built
upon LLMs (Touvron et al. 2023a,b) enables users to freely
customize characters for interaction (Wang et al. 2023b;
Zhou et al. 2023a; Lu et al. 2024). Similarweb (2024) re-
ports millions of users customize characters on Character.AI
for various scenarios, from entertainment and education to
social companionship, covering diverse character categories
from fictional characters (e.g., Mario) and celebrities (e.g.,
Shakespeare) to daily life characters (e.g., friends, psychol-
ogists). To foster such extensive applications, evaluating
LLMs’ capability in character customization thus becomes
crucial. Existing benchmarks (Chen et al. 2024a; Wang et al.
2024) often dissect this capability into various evaluation di-
mensions that reflect how well LLMs’ customized characters
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mimic target roles, e.g., knowledge accuracy and empathy
(Tu et al. 2024), and then score characters on these dimen-
sions to compare different LLMs. Despite their efforts, ex-
isting approaches still suffer from several serious issues.

The first issue is lack of both diverse characters and
comprehensive dimensions for a robust evaluation. Di-
verse characters are vital for exploring LLMs’ generalizabil-
ity, preventing evaluations from missing potential defects.
And comprehensive dimensions offer detailed insights into
LLMs’ limitations. Yet, limited by the source of public cor-
pora and characters available for crafting benchmarks, most
existing works often involve only a small number of fic-
tional characters or evaluate insufficient dimensions (Xiao
et al. 2023), e.g., Tu et al. (2024) evaluated 13 dimensions
but only included 77 fictional characters, Wang et al. (2024)
only evaluated 32 fictional characters on 2 dimensions.

The second issue is caused by the sparse manifestation
of character features within responses. Character features
include attributes (e.g., views on specific matters) and be-
haviors (e.g., linguistic style) specified in a character’s pro-
file (Zhou et al. 2023a) as well as other human traits (e.g.,
emotional expression and memory recall). However, natural
interactions often occur in an open-ended dialogue context,
making it less likely to observe multiple character features
manifested in a single response. For example, as shown in
Figure 1, the open-ended user query “You must have sacri-
ficed a lot” only triggered the character’s specified view ex-
pressed in the response “Sacrifice? It’s all worth it”, caus-
ing the sparsity issue in feature-focused evaluation (Zheng
et al. 2020). This issue makes existing generative bench-
marks hard to guarantee that generated responses are always
suited to specified evaluation dimensions, thus harming data
utilization and evaluation efficiency (Tu et al. 2024). Al-
though Chen et al. (2024a) design multiple-choice question
(MCQ)-based benchmarks to alleviate this sparsity issue, it
overly simplifies the character-based dialogue task and thus
cannot fully evaluate the generative quality of the models.

To address these issues, we propose CHARACTERBENCH,
a bilingual generative benchmark including 22,859 human-
annotated samples to evaluate LLMs’ character customiza-
tion capability. It features an effective and efficient evalu-
ation of all dimensions. Firstly, to ensure a robust evalua-
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Figure 1: Evaluation framework of our CHARACTERBENCH
and an illustration of how it checks boundary consistency.
Dense and sparse dimensions are classified by whether the
character features evaluated by specific dimensions always
manifest in each response. We enable effective and efficient
evaluation by crafting tailored queries for each dimension.

tion, for characters, we collect a large-scale character-based
dialogue corpus, covering 3,956 characters across 25 sub-
categories of 4 main character categories. To exhaustively
define the evaluation dimensions, we review existing studies
(Tu et al. 2024; Chen et al. 2024a) and draw on interpersonal
interaction theory (Kruglanski and Higgins 2013), identify-
ing 6 high-level aspects that reflect character features and
include 11 evaluation dimensions (Figure 1): recall of mem-
ory (Baddeley 1997), exposure of knowledge (Anderson
2005), exhibition of persona (Jung 2014), expression of
emotion (Salovey and Mayer 1990), adherence to morality
(Kohlberg 1921), and believability compared with real char-
acters (Zhou et al. 2023a). Based on whether the character
features corresponding to specific dimensions will always
manifest in each response, we classify them as dense (di-
mensions in morality and believability aspects) and sparse
(dimensions in other 4 aspects) dimensions. Secondly, to en-
sure an effective and efficient evaluation of each dimension,
we design queries for each dimension to induce the charac-
ter to generate responses related to the specific dimension.
For sparse dimensions, we introduce target-oriented gener-
ation. As the example shown in Figure 1, we extract the
information fragment “...17th-century historical context of
England” from the character profile to set up the charac-
ter’s intended response for evaluating the boundary consis-

tency dimension of the character’s knowledge aspect. Then,
we craft target-oriented queries (e.g., “...are you familiar
with computers...”) to induce the character’s responses to
be closely related to the intended dimension (e.g., response
“Of course, computers...” shows an inconsistent character
boundary). For dense dimensions, we construct target-free
queries that naturally induce the character’s responses in
specific dimensions (e.g., toxic query for morality’s dimen-
sions). All character responses in each dimension are care-
fully scored by human annotators. Thirdly, we develop the
CharacterJudge model, fined-tuned on our training data, to
provide a cost-effective and stable alternative to automatic
judges (e.g., GPT-4) for scoring LLMs’ character customiza-
tion. Our model outperforms SOTA automatic judges in cor-
relation with human judges. We show our benchmark’s po-
tential to optimize LLMs’ character customization via direct
preference optimization (DPO) (Rafailov et al. 2023).

Our contributions are summarized as follows: (1) To the
best of our knowledge, CHARACTERBENCH, with 22,859
human-annotated samples, is the largest bilingual generative
benchmark to evaluate LLMs’ character customization capa-
bility. (2) We dissect this capability into dense and sparse di-
mensions, each with carefully crafted queries to induce char-
acter’s responses related to them, enabling an effective and
efficient evaluation. (3) Extensive experiments conducted
with our developed CharacterJudge show its superiority over
SOTA automatic judges (e.g., GPT-4) and our benchmark’s
potential to optimize LLMs’ character customization.

Related Work
Character-based dialogue (aka role-playing) allows users to
freely customize characters for interactions, attracting atten-
tion from academics (Chen et al. 2024b) and industry (e.g.,
Character.AI). This customization is often based on general-
purpose LLMs (Meta 2024; Yang et al. 2024) with role-play
prompting (Yu et al. 2022) or developing LLMs specifically
for character customization by collecting data from various
sources, e.g., extraction from literature resources (Li et al.
2020; Chen et al. 2023; Li et al. 2023; Occhipinti, Tekiroglu,
and Guerini 2023; Xu et al. 2024), synthesis via LLMs (Tu
et al. 2023; Wang et al. 2023b; Shao et al. 2023; Lu et al.
2024), and human role-playing (Gosling, Dale, and Zheng
2023; Zhou et al. 2023a). The customized character cate-
gories span from fictional characters and celebrities to daily
life characters, supporting various scenarios, e.g., entertain-
ment and social companionship (Similarweb 2024).

To evaluate LLMs’ capability in character customization
(Zhang et al. 2024), there are two types of existing work.
One leverages generative evaluation (Yuan et al. 2024; Zhou
et al. 2023b), which is the main focus of this paper. It eval-
uates the responses generated by LLMs but often fails to
ensure that these responses are associated with the evaluated
dimensions (Zheng et al. 2020), leading to ineffective and
inefficient evaluation. The other is in an MCQ-based format
(Shen, Li, and Xiong 2023; Salemi et al. 2024), which takes
responses that reflect specific dimensions as correct choices.
But it overly simplifies the character-based dialogue task and
thus cannot fully evaluate the generative quality of the mod-
els. Moreover, most existing benchmarks focus only on fic-
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Figure 2: Construction pipeline of our CHARACTERBENCH, which is clearer clarified in the “Overview” subsection below.

tional characters (Chen et al. 2024a; Tu et al. 2024; Ahn et al.
2024) or evaluate limited dimensions (e.g., Xiao et al. (2023)
and Wang et al. (2024) only involve two dimensions), fail-
ing to ensure robust evaluation. Our benchmark covers most
dimensions included in existing generative benchmark (Tu
et al. 2024). We do not evaluate MBTI and Big-five person-
ality as their evaluations require a very well-rounded charac-
ter profile for each character and a standardized testing en-
vironment with recognized reliability and validity (Furnham
1996), which is unsuitable for generative evaluations.

CHARACTERBENCH Framework
To exhaustively evaluate the authenticity of characters in
interactions, we review existing studies and draw on inter-
personal interaction theory (Kruglanski and Higgins 2013)
to identify 6 aspects that reflect character features. Along
with manual inspections in 80 dialogues from our human-
prototype (i.e., LLMs) interaction corpus (Sec. 3.2), we re-
fine these aspects into 11 evaluation dimensions. We classify
dense (dimensions in morality and believability) and sparse
(dimensions in other 4 aspects) dimensions by whether char-
acter features evaluated by specific dimensions manifest in
each response. Their definitions are as follows.

Given the script containing character profile P and dia-
logue context C = [u1, y1, . . . , un−1, yn−1], and user query
un, the goal of a character customized by LLM is to generate
a response yn = LLM(P, [C ⊕ un]). Here, uk and yk de-
note the kth-turn utterances from the user and the character,
respectively. The response yn is our evaluation object.

• Memory refers to an individual’s ability to acquire, store,
retain, and subsequently retrieve information (Baddeley
1997). We define Memory Consistency to measure how
stably the character retains information about facts and
events from the conversational interactions C. This ensures
that the information displayed in yn aligns consistently
with what has been stored during the interaction C.

• Knowledge refers to an individual’s fact and world knowl-
edge, acquired through learning and experience, which
forms the basis for social interactions (Anderson 2005).
We define Fact Accuracy as the accuracy with which the
character’s response yn reflects factual knowledge related

to itself. Additionally, Boundary Consistency evaluates
how consistently yn distinguishes the knowledge inherent
to the worldview established in the character profile P .

• Persona refers to an individual’s attributes (e.g., identity,
views) and behaviors (e.g., linguistic style) presented to
fulfill expectations of societal role (Jung 2014). We define
Attribute Consistency and Behavior Consistency to re-
spectively measure how well the character’s response yn
aligns with the attributes and behaviors in its profile P .

• Emotion refers to an individual’s ability to recognize, un-
derstand, and manage own and others’ emotions (Sabour
et al. 2024). We define Emotional Self-regulation to as-
sess the character’s ability in yn to identify and manage its
own emotions, and Empathetic Responsiveness to eval-
uate how well yn recognizes and soothes user’s emotions.

• Morality refers to the ethical principles and behavioral
norms that an individual adheres to in social interactions
(Kohlberg 1921). We define Morality Stability as the
LLMs’ ability in yn to maintain a positive morality when
the context C is injected with toxic queries, and Morality
Robustness as the ability in yn to uphold positive morality
even when the character profile P endows toxic settings.

• Believability refers to the realism exhibited by virtual
characters during interactions (Zhou et al. 2023a). We split
it into two parts: Human-likeness evaluates the natural-
ness of the character’s response yn in dialogues, and En-
gagement measures the depth of users’ interest and their
emotional connection with the character through yn.

CHARACTERBENCH Construction
Overview
As shown in Figure 2, CHARACTERBENCH’s construction
pipeline as: (1) We collect the character-based dialogue cor-
pus following four different ways. (2) We sample scripts
from our corpus that include character profiles and dialogue
context. These scripts serve to construct target-oriented and
target-free queries for sparse and dense dimensions, respec-
tively. (3) We concatenate constructed queries with scripts
and input them into LLMs, inducing LLMs to generate char-
acter responses related to specific evaluation dimensions.
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Corpus Sources # Characters # Dialogues # Avg. Turn
of Dialogues

# Avg. Length
of Utterances

HRP: Human Role-Playing ELR: Extraction from Literary Resources
HPI: Human-Prototype Interaction SPI: Synthesis via Prototypes’ Interaction
HRP 2,485 3,269 16.33 29.52
HPI 1,017 4,827 14.86 23.07
ELR 77 4,563 3.16 27.69
SPI 500 503 19.00 51.51
Total 3,956 13,162 11.33 27.68

Table 1: Statistics of our character-based dialogue corpus.

These responses are carefully scored by human annotators,
which will be later used to train our CharacterJudge model.

Collection of Character-based Dialogue Corpus
Following Zhou et al. (2023a), our character-based dia-
logue corpus is collected via human role-playing, human-
prototype interaction, and extraction from literary re-
sources. The differences from Zhou et al. (2023a) are: (1)
In the human role-playing corpus, we manually annotate the
user query-character response pairs that reflect the charac-
ter’s knowledge boundaries and persona attributes in the pro-
file. (2) 7 popular LLMs server as prototypes. (3) We use the
test set from CharacterEval (Tu et al. 2024) as our extraction
data. Moreover, we propose synthesis via prototypes in-
teraction to diversify our corpus. We employ paired LLMs
(i.e., prototypes) for dialogue interactions, where one acts as
the “Character” and the other plays the “User”. Both profiles
are manually crafted. Details are in the Appendix.

Quality Control and Statistics of Corpus We hire a ded-
icated team of quality inspectors to check data quality. The
entire corpus is carefully inspected on both parties’ profiles,
worker engagement, and dialogues. Any data identified as
low-quality is excluded from the following construction of
CHARACTERBENCH. The dialogue statistics and character
distributions of our corpus are in Table 1 and Figure 3. To
the best of our knowledge, it is the largest corpus (13,162
dialogues) covering the most diverse characters (3,956 char-
acters across 25 sub-categories of 4 main categories).

LLMs We use 7 LLMs as prototypes, including general-
purpose LLMs (GPT-4-1106 (OpenAI 2023), Claude-opus
(Anthropic 2023), and GLM-4 (GLM et al. 2024)) instructed
to perform role-playing (prompts are in Appendix). Char-
acterGLM (Zhou et al. 2023a), MiniMax-abab5.5s (Mini-
Max 2023), Baichuan-NPC (Yang et al. 2023), and Char-
acterYuyan (FuxiAI 2024) are specifically developed for
character-based dialogue. All LLMs are accessible via APIs
and used in the following CHARACTERBENCH collection.

Collection of CHARACTERBENCH Data
Script Sampling To maintain diversity in our CHARAC-
TERBENCH, we randomly sample scripts from distinct char-
acters in our corpus to craft data for each dimension. Each
script contains a character profile P and a multi-turn context
C = [u1, y1, ..., un−1, yn−1] (n ≥ 5). We balance the distri-
bution of characters and corpus sources in this process. Next,
we craft target-oriented query un,T and target-free query
un,F for sparse and dense dimensions, respectively.

Fictional
Characters

Daily Life Characters

Celebrities

Non-human
Characters

Original Narrative-driven Characters

Novel Characters

Anime Characters

Game Characters

Film and TV Characters

Mythical Characters

All Walks of Life
Romantic Characters

Therapists
Relatives

Friends
Colleagues

Recommenders
Stars

Historical Figures
Athletes
Entrepreneurs
Artists
Online Influencer
Political Figures
Scientists

Abstract Entities
Tools

Animals
Fortune Teller

Figure 3: Category distributions of characters in CHARAC-
TERBENCH, with 4 main categories and 25 sub-categories.

Target-oriented Query Construction for Sparse Dimen-
sions To effectively and efficiently evaluate sparse dimen-
sions, we integrate automatic (LLM prompting with GPT-4
and GLM-4) and manual strategies to extract targets that re-
flect specific dimensions and craft target-oriented queries.
Specifically, for a script containing profile P and context C,
we extract information fragment from P or C as target T .
Guided by T , we craft target-oriented query un,T as the n-th
turn utterance of context C, obtaining target-oriented context
CT . CT replaces C in the original script, serving for inducing
characters customized on LLMs to subsequently generate re-
sponses related to specific dimensions, formalized as:

T = fe(P) or fe(C),
un,T = ff (fq(P, C, T )),

CT = [u1, y1, ..., un−1, yn−1]⊕ un,T ,

(1)

where ⊕ is the concatenation operation. Both the target ex-
traction fe and query construction fq are performed auto-
matically or manually. To ensure a smooth concatenation,
we employ dual-filtering ff (automatic and manual) to filter
queries that match the user’s tone and are coherent with the
context. We present details for each dimension as follows.
• Memory. For memory consistency, we prompt LLMs to

extract a fact or event mentioned within C as the target and
then simulate the user’s tone to generate a query un,T that
inquires about the extracted information fragment.

• Knowledge. For fact accuracy, we only use a celebrity
subset of our corpus, whose profiles P are enriched and
manually calibrated by information from BaiduBaike. We
divide the character profile P into two parts: a brief profile
P ′, used to establish the character’s identity, and a detailed
profile P ′′, covering factual knowledge about the charac-
ter. We prompt LLMs to extract factual knowledge from
P ′′ as the target and generate the query un,T . Ultimately,
only P ′ is used in subsequent response generation. For
boundary consistency, we manually extract targets from
P and craft queries in the human roleplaying corpus.

• Persona. For attribute consistency, we prompt LLMs to
extract attributes as the target from P and generate the
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query un,T . This process is also manually conducted in
the human roleplaying corpus. These two query types are
termed bot- and human-query, respectively. For behavior
consistency, the LLM prompting method is used to con-
struct the bot query by extracting behaviors as the target
from P . Additionally, to further evaluate behavioral con-
trollability, we manually create 130 behavioral descrip-
tions. We instruct LLMs to remove existing behavioral in-
formation from P and randomly select a new behavioral
description P ′′, to augment P , creating P ′. The next user
utterance un of context C in the original dialogue serves
as human query un,T to obtain CT . P ′ and CT are used to
generate a response yn that aligns with the target P ′′.

• Emotion. For emotional self-regulation and empathetic
responsiveness, we prompt LLMs to extract emotionally
charged scenarios from user utterances [u1, ..., un−1] and
character utterances [y1, ..., yn−1] within C. LLMs then
generate queries un,T that probe the emotions of the user
and character in that target scenario, respectively.

Target-free Query Construction for Dense Dimensions
To evaluate the dense dimensions, we adopt the manual strat-
egy to construct the target-free query un,F that could read-
ily induce characters’ responses related to these dimensions.
un,F is concatenated with C to form the target-free context
CF , which replaces C in the original script, formalized as:

un,F = ff (fq(P, C)),
CF = [u1, y1, ..., un−1, yn−1]⊕ un,F ,

(2)

where both fq and ff only involve the manual strategy. We
present details for each dimension as follows.

• Morality. We adopt 9 widely-recognized morality cate-
gories (Sun et al. 2023): insult, unfairness and discrimi-
nation, crimes and illegal activities, physical harm, mental
health, privacy and property, ethics, politics, and pornog-
raphy. For each category, we manually craft 100 queries
and 50∼200 immoral character settings, with their dis-
tribution shown in Appendix. For morality stability, we
employ the queries as un,F . For morality robustness, be-
sides using these queries, we craft the toxic profile P ′ by
fusing immoral character settings into character profile P .

• Believability. Each character’s response in a natural di-
alogue would display human-likeness and engagement.
Thus, we manually select the next user utterance un of
context C in the original dialogue as the query un,F .

Response Generation and Human Annotation We in-
put scripts fusing target-oriented or target-free queries into
7 LLMs used in corpus construction to generate response
yn, where profile P is replaced by P ′ in some dimensions.
Especially, for Morality’s two dimensions, we sample m
queries (m ∈ [1, 2, 3]) from each category acting as multi-
turn queries un−1+k (k ∈ [1,m]). We use only the last
query un−1+m as un,F to evaluate its response. Each turn
of queries and their responses are concatenated into C, i.e.,
C = [u1, y1, ..., un−1, yn−1, un, yn, ..., un−1+m].

For each dimension, human annotators score the response
yn. After manually reviewing 200 samples in each dimen-
sion, we established four annotation scales based on data

Dimensions #Samples #Characters #Avg. Turns TPR
Memory Consistency 1,714 1,573 11.51 99.2
Fact Accuracy 1,776 105 10.86 98.2
Boundary Consistency 1,472 1,210 12.62 98.4
Attribute Consistency (Bot) 1,651 1,509 11.03 98.0
Attribute Consistency (Human) 1,243 970 9.50 95.7
Behavior Consistency (Bot) 2,162 1,563 11.40 94.6
Behavior Consistency (Human) 2,198 2,100 10.27 96.9
Emotional Self-regulation 1,274 966 11.47 91.2
Empathetic Responsiveness 1,335 987 10.93 96.7
Morality Stability 2,290 2,191 12.28 96.9
Morality Robustness 2,288 2,286 12.29 95.7
Human-likeness 1,742 1,676 10.46 98.6
Engagement 1,714 1,664 10.48 97.7
Overall 22,859 3,956 11.22 96.8
- Training Set 19,609 3,314 11.22 -
- Test Set 3,250 1,986 11.24 -
- Test Set (In-domain) 1,625 1,344 11.20 -
- Test Set (Out-of-domain) 1,625 642 11.28 -

Table 2: Statistics of CHARACTERBENCH. TPR is the trans-
lation pass rate (%). More statistics are in the Appendix.

characteristics: (1) a 2-point scale for Morality Stability and
Morality Robustness; (2) a 3-point scale for Boundary Con-
sistency and Behavior Consistency (human query); (3) a 5-
point scale for Human-likeness and Engagement; (4) a 4-
point scale for other dimensions. Detailed explanations of
these scales and data examples are shown in the Appendix.

Quality Control of CHARACTERBENCH We hire a ded-
icated team of quality inspectors who are instructed on an-
notation guidelines and examples of each dimension. Our
methods for quality control are as follows.

• Annotator Training. All the annotators are required to
complete a training tutorial that includes 100 samples
from each dimension for pilot annotation. We provide
feedback to help them calibrate the annotation criteria.

• Multi-person Annotation. In the annotation, each sam-
ple is annotated by two different annotators. If their re-
sults are inconsistent, a third annotator is called upon to
re-annotate and discuss the case with the first two anno-
tators to reach a consensus.

• Spot Check. To more effectively calibrate the annota-
tion criteria, we conduct annotation batch by batch. Each
dimension contains multiple batches, and we randomly
select 150 samples of each batch for spot check. We pro-
vide feedback to the annotators and instruct them to re-
vise their annotations. After each revision, we conduct
spot checks again until the pass rate reaches 95%.

Translation & Statistics
Translation The CHARACTERBENCH data we collect is
initially crafted in Chinese. We use GPT-4o to translate it
into English. To ensure faithfulness, we employ graduate
students specializing in English translation to review the
translations. After each spot check, we iteratively refine our
translation prompt. Finally, 100 translated data are reviewed
for each dimension, and the average pass rate reaches 96%
(Table 2). The translation prompt is in the Appendix.
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MC: Memory Consistency FA: Fact Accuracy BCK : Boundary Consistency ACb: Attribute Consistency (Bot) ACh: Attribute Consistency (Human)
BCb

P : Behavior Consistency (Bot) BCh
P : Behavior Consistency (Human) ES: Emotional Self-regulation ER: Empathetic Responsiveness

MS: Morality Stability MR: Morality Robustness HL: Human-likeness EG: Engagement

Models AVG.
Memory Knowledge Persona Emotion Morality Believability

MC FA BCK ACb ACh BCb
P BCh

P ES ER MS MR HL EG
zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en

GPT-3.5-turbo 37/40 53/45 72/71 24/36 38/46 42/45 39/48 20/34 39/43 48/42 37/44 37/41 9/14 17/8
GPT-4-1106 38/41 54/55 74/75 41/40 40/53 45/43 26/32 24/40 30/30 50/39 30/36 36/47 11/26 24/22
GPT-4o 39/41 55/54 75/73 44/35 37/51 42/42 25/32 25/37 45/32 50/43 29/32 40/47 12/29 25/22
GLM-4 41/44 54/51 81/82 26/40 47/61 47/45 26/44 30/38 45/45 46/53 30/43 50/39 21/11 30/22
GPT-3.5-turbo-TG 43/44 54/51 72/71 43/43 53/55 50/49 42/49 33/36 57/58 56/56 37/44 37/41 9/14 17/8
GPT-4-1106-TG 45/46 63/63 79/77 56/52 52/59 47/44 37/32 40/33 55/55 56/57 30/36 36/47 11/26 24/22
GPT-4o-TG 45/46 59/59 75/74 56/53 49/60 49/43 35/31 40/38 54/55 56/60 29/32 40/47 12/29 25/22
GLM-4-TG 48/47 62/60 79/79 39/39 60/67 53/53 47/45 36/41 55/61 56/51 30/43 50/39 21/11 30/22

CharacterJudge 68/64 80/81 92/88 71/65 80/76 63/57 62/57 65/58 67/65 65/62 66/64 61/55 52/53 58/53
- w/o SC 64/60 80/78 89/87 70/62 80/70 59/56 58/54 55/55 65/55 60/57 54/58 59/48 46/51 59/51
- w/o TG 51/48 32/33 52/39 56/61 68/68 45/51 46/39 59/55 39/32 35/41 58/60 63/51 50/48 55/49
- w/o SC & TG 47/45 26/28 49/39 53/56 61/66 39/50 39/38 56/54 40/26 32/36 57/56 60/48 45/44 53/42
- In-Domain 67/64 81/82 91/87 67/59 76/66 60/57 60/57 62/54 66/63 69/71 66/65 59/55 53/55 63/57
- Out-of-Domain 68/65 79/79 92/88 74/71 84/84 65/58 64/56 68/62 68/67 63/56 65/64 63/54 51/51 53/48

Table 3: Pearson correlation coefficient (%) of our CharacterJudge and automatic judges with human scoring in target-free and
target-based (TG) settings. Bold is the best results, underline is the second best in the baselines. “w/o” refers to ablation study.

Statistics As shown in Table 2, CHARACTERBENCH in-
cludes 22,859 samples from 3,956 characters. An average
of 11.22 dialogue turns indicates that our data closely re-
flects real multi-turn interactions. The fact accuracy dimen-
sion only involves a subset of celebrities in our corpus, thus
covering only 105 characters. We split the data into train-
ing and test sets to develop our CharacterJudge model for
evaluating LLMs’ character customization. The test set is
further divided into In-domain and Out-of-domain sets, each
domain containing 125 samples from each dimension. More
statistics (e.g., LLMs’ distributions) are in the Appendix.

Development of CharacterJudge
To evaluate character customization cost-effectively on our
benchmark, we develop CharacterJudge. Given scripts with
profile P and context C fused target-oriented or target-free
queries, response yn, and target T , we encapsulate them
within a specific instruction I tailored to each dimension
and use human score S as the supervision for optimization:

L = − 1

|D|

|D|∑
d=1

(Pθ(S | Id(P, C, yn, T ))) , (3)

where Pθ is LLM’s parameters for optimization, D is the
set of dimensions, T is omitted in dense dimensions. Dur-
ing decoding, we adopt the self-consistency method (Wang
et al. 2023a) to generate multiple outcomes and use a major-
ity vote to determine the final score. Empirically, we found
that bilingual fine-tuning is less effective than training each
language separately. Thus, we train models in both Chinese
and English adopting the same training settings.

Experiments
Evaluation on CharacterJudge
We develop CharacterJudge upon Qwen2-7B-Chat (Yang
et al. 2024) and use self-consistency to generate 10 out-

comes. We employ automatic judges (GPT series and GLM-
4) for comparison, using both target-free and target-based
(TG) prompts with CoT (Wei et al. 2022) (Appindex). Our
evaluation metric is Pearson correlation with human scores.

Overall Performance The results are in Table 3. Our
CharacterJudge outperforms all compared automatic judges
by a large margin in bilingual evaluations. First, it achieves
42% and 36% improvements on AVG. over the suboptimal
GLM-4-TG, showing its effectiveness in aligning with hu-
man scores. Second, its significant superiority on the Believ-
ability aspect indicates that subjective dimensions are more
suitable to be evaluated using a specialized model. Third,
SOTA performance in bilingual evaluations highlights our
model’s robust versatility across multilingual scenarios.

Ablation Study We remove self-consistency and target T
from CharacterJudge to measure their contributions, named
w/o SC and w/o TG. In Table 3, both components contribute
to the overall performance. SC generally contributes across
all dimensions, while TG is specifically effective in sparse
dimensions with the targets, supporting our motivation.

Generalizability of CharacterJudge The generalizabil-
ity of our model across various sc enarios is evaluated us-
ing our In-domain and Out-of-domain test sets. As shown
in Table 3, CharacterJudge consistently exhibits compara-
ble performance in both domains, across AVG. and individ-
ual dimensions. This highlights our model’s strong general-
izability to unobserved characters (out-of-domain test set),
supporting our motivation to construct a diverse corpus.

Evaluation for LLMs in Character Customization
We evaluate 18 LLMs: (1) Closed-source: 7 LLMs used
in data collection and GPT-3.5-turbo. (2) Open-source: Yi-
Chat (AI et al. 2024), Mistral-7B-Chat (Jiang et al. 2023),
GLM4-Chat (GLM et al. 2024), Llama3-Instruct (Meta
2024), Qwen1.5&2-Chat (Yang et al. 2024). They generate
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Models AVG.
Memory Knowledge Persona Emotion Morality Believability

MC FA BCK ACb ACh BCb
P BCh

P ES ER MS MR HL EG
zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en zh/en

Closed-sourced LLMs

MiniMax-abab5.5s 3.52/3.44 3.76/3.66 2.76/2.10 3.45/3.79 4.18/4.11 4.02/3.85 3.35/2.96 3.04/3.01 3.04/2.96 2.71/2.72 4.69/4.54 4.65/4.53 3.02/3.17 3.15/3.29
CharacterYuyan 3.54/ - - 3.91/ - - 2.34/ - - 3.71/ - - 4.18/ - - 3.93/ - - 3.34/ - - 3.17/ - - 3.02/ - - 2.67/ - - 4.66/ - - 4.76/ - - 3.13/ - - 3.27/ - -
CharacterGLM 3.54/3.46 3.92/3.76 2.61/2.18 3.53/3.97 4.10/4.03 3.93/3.80 3.47/3.26 3.10/2.89 3.08/2.94 2.78/2.64 4.72/4.53 4.72/4.51 2.87/3.16 3.16/3.32
Baichuan-NPC 3.65/3.59 3.83/3.76 2.79/2.20 4.24/4.19 4.06/4.29 4.10/4.29 3.37/3.89 3.12/3.38 3.21/3.05 3.01/3.15 4.86/4.81 4.85/4.84 2.93/3.05 3.07/3.28
GPT-3.5-turbo 3.66/3.72 3.83/3.58 2.43/2.52 3.57/3.75 4.33/4.38 4.13/4.23 3.37/3.50 3.51/3.58 3.07/3.14 2.85/2.81 4.76/4.71 4.84/4.71 3.32/3.69 3.54/3.74
GPT-4-1106 3.69/3.74 3.97/3.88 2.85/2.71 3.73/4.03 4.42/4.52 4.14/4.10 3.35/3.59 3.37/3.43 3.07/3.09 2.96/2.95 4.81/4.74 4.76/4.72 3.21/3.34 3.32/3.50
GLM-4 3.71/3.70 3.81/3.61 2.82/2.44 3.69/3.80 4.43/4.42 4.06/4.18 3.47/3.59 3.25/3.50 3.24/3.18 3.14/2.96 4.83/4.80 4.83/4.82 3.29/3.28 3.40/3.49
Claude-3-opus 3.82/3.88 3.98/4.01 2.69/2.50 4.10/4.45 4.57/4.54 4.39/4.44 3.72/3.74 3.73/3.77 3.45/3.63 3.15/3.15 4.88/4.91 4.80/4.68 2.95/3.23 3.34/3.44

Open-sourced LLMs

CharacterGLM-6B 3.21/3.19 3.31/3.22 2.26/2.01 3.22/3.60 3.19/3.28 3.44/3.49 3.05/3.01 3.01/2.90 2.80/2.84 2.55/2.51 4.58/4.51 4.64/4.78 2.70/2.64 2.95/2.98
Baichuan2-13B 3.25/3.19 3.32/3.47 2.57/2.48 3.55/3.68 3.20/3.39 3.61/3.48 3.12/3.06 3.00/3.07 2.85/2.79 2.75/2.61 4.81/4.70 4.84/4.61 2.21/1.98 2.49/2.14
Yi1.5-9B 3.43/3.47 3.52/3.71 2.49/2.24 3.29/3.41 3.83/4.36 3.65/3.96 3.51/3.44 3.30/3.15 2.93/3.04 2.94/2.83 4.83/4.74 4.84/4.69 2.50/2.67 2.99/2.91
Mistral-7B 3.50/3.55 3.84/3.88 2.15/2.26 3.55/3.83 3.96/4.02 4.06/4.18 3.35/3.47 3.40/3.31 2.89/2.99 2.80/2.84 4.88/4.74 4.93/4.67 2.59/2.77 3.08/3.14
Qwen1.5-14B 3.57/3.49 4.31/3.97 2.85/2.35 3.65/3.82 4.31/4.28 4.14/4.09 3.40/3.41 3.08/3.07 2.96/3.05 2.91/2.85 4.76/4.72 4.62/4.53 2.60/2.60 2.79/2.78
GLM4-9B 3.58/3.58 3.80/3.49 2.65/2.21 3.42/3.59 4.12/4.41 3.94/4.10 3.29/3.28 3.47/3.52 2.96/2.99 2.99/2.87 4.77/4.69 4.72/4.65 3.04/3.32 3.36/3.49
Llama3-8B 3.60/3.65 3.98/3.72 2.35/2.35 3.49/3.81 4.42/4.29 4.26/4.27 3.51/3.57 3.32/3.50 3.04/3.14 2.93/3.07 4.84/4.81 4.80/4.76 2.69/2.99 3.12/3.23
Qwen2-7B 3.66/3.51 4.18/3.86 2.76/2.27 3.45/3.66 4.46/4.51 4.07/3.91 3.47/3.23 3.31/3.18 3.11/2.96 3.12/2.85 4.88/4.73 4.91/4.74 2.76/2.78 3.06/2.96
Llama3-70B 3.79/3.81 4.04/3.81 2.38/2.38 3.69/4.07 4.46/4.63 4.45/4.21 3.79/3.66 3.69/3.69 3.34/3.36 3.08/3.01 4.81/4.81 4.69/4.77 3.36/3.38 3.47/3.71
Qwen2-72B 3.80/3.68 4.03/3.94 3.00/2.59 3.85/3.95 4.53/4.39 4.22/3.96 3.53/3.33 3.35/3.35 3.25/3.06 3.14/2.89 4.92/4.71 4.85/4.74 3.30/3.40 3.41/3.51

Table 4: LLMs’ capabilities in character customization. The scores of all dimensions are normalized to a 5-point scale.

Models Memory Knowledge Persona Emotion Morality Believability
zh/en zh/en zh/en zh/en zh/en zh/en

Closed-sourced LLMs

MiniMax-abab5.5s 3.76/3.66 3.10/2.95 3.64/3.48 2.87/2.84 4.67/4.54 3.09/3.23
CharacterYuyan 3.91/ - - 3.02/ - - 3.65/ - - 2.84/ - - 4.71/ - - 3.20/ - -
CharacterGLM 3.92/3.76 3.07/3.08 3.65/3.47 2.93/2.79 4.72/4.52 3.02/3.24
Baichuan-NPC 3.83/3.76 3.52/3.19 3.66/3.65 3.11/3.03 4.85/4.77 3.00/3.17
GPT-3.5-turbo 3.83/3.58 3.00/3.14 3.83/3.92 2.96/2.97 4.80/4.71 3.43/3.70
GPT-4-1106 3.97/3.88 3.29/3.37 3.82/3.91 3.01/3.01 4.79/4.73 3.27/3.42
GLM-4 3.81/3.61 3.25/3.12 3.80/3.92 3.19/3.07 4.83/4.81 3.35/3.39
Claude-3-opus 3.98/4.01 3.39/3.48 4.10/4.12 3.30/3.39 4.83/4.79 3.15/3.33

Open-sourced LLMs

CharacterGLM-6B 3.31/3.22 2.74/2.80 3.17/3.17 2.67/2.67 4.61/4.49 2.82/2.81
Baichuan2-13B 3.32/3.47 3.06/3.08 3.23/3.25 2.80/2.70 4.82/4.65 2.35/2.06
Yi1.5-9B 3.52/3.71 2.89/2.83 3.57/3.73 2.94/2.93 4.84/4.72 2.74/2.79
Mistral-7B 3.84/3.88 2.85/3.05 3.69/3.74 2.84/2.91 4.90/4.71 2.84/2.96
Qwen1.5-14B 4.31/3.97 3.25/3.08 3.73/3.71 2.93/2.95 4.69/4.63 2.69/2.64
GLM4-9B 3.80/3.49 3.03/2.90 3.70/3.83 2.97/2.93 4.74/4.67 3.20/3.40
Llama3-8B 3.98/3.72 2.92/3.08 3.88/3.91 2.98/3.10 4.82/4.78 2.90/3.11
Qwen2-7B 4.18/3.86 3.11/2.96 3.83/3.70 3.12/2.91 4.90/4.73 2.91/2.87
Llama3-70B 4.04/3.81 3.03/3.22 4.09/4.05 3.21/3.19 4.75/4.79 3.41/3.54
Qwen2-72B 4.03/3.94 3.42/3.27 3.91/3.75 3.19/2.98 4.89/4.73 3.36/3.45

Table 5: LLMs’ customization capabilities on 6 aspects.

responses using our test set, scored by CharacterJudge. We
normalize the scores of all dimensions to a 5-point scale.

Main Results In Table 4, firstly, large-scale open-source
LLMs have performed comparably to well-recognized pow-
erful closed-source LLMs in character customization, e.g.,
Qwen2-72B ranks behind Claude-3-opus on AVG. in Chi-
nese evaluation, Llama3-70B ranks second in English evalu-
ation. Secondly, general-purpose LLMs are qualified to sub-
stitute specialized role-playing LLMs by adopting prompt-
based character customization, as evidenced by Claude-3-
opus outperforming 4 role-playing LLMs with a large mar-
gin. Thirdly, most bilingual LLMs perform comparably in
bilingual evaluations, but they consistently struggle to gen-
erate responses with accurate facts (FA dimension).

Benchmarks Fictional Characters Other Characters Overall

ρ τ ρ τ ρ τ
CharacterEval (2024) 19.2 10.9 -34.4 -30.9 21.4 14.3
SocialBench (2024a) 58.7 47.3 3.7 7.7 38.1 35.7
CHARACTERBENCH 82.5 74.1 52.5 43.2 73.1 61.8

Table 6: Results (%) of Spearman (ρ) and Kendall (τ ) corre-
lation between benchmarks and humans for ranking LLMs.

Comparisons Win Tie Lose Improve. (↑)
6B-SFT vs. 6B-Vanilla 38.4 22.9 38.7 -0.3
6B-DPO vs. 6B-Vanilla 42.2 23.5 34.3 7.9
6B-DPO vs. 6B-SFT 43.4 21.7 34.9 8.5

Table 7: Results (%) of using CHARACTERBENCH to opti-
mize CharacterGLM-6B’s character customization via DPO.

LLMs’ Capability on Six Aspects We average bilingual
scores of LLMs in six aspects to present Table 5. The high
morality scores of all LLMs show their robust capability
to generate safe responses. Persona and memory evaluate
LLMs’ capabilities to follow character profiles and model
long dialogue context, there is room for improvement. More-
over, LLMs achieve low emotion and believability, showing
that customized characters still struggle to engage in human-
like emotional exchanges naturally during conversations.

Analysis for CHARACTERBENCH

Consistency with Human Evaluation To verify the con-
sistency between our and existing benchmarks in evaluating
LLMs’ character customization against human evaluation,
we calculate the Spearman (ρ) and Kendall (τ ) rank corre-
lations. We hire 10 annotators, each tasked with two charac-
ters to interact with 10 LLMs (closed-source LLMs and top
2 open-source LLMs) in Chinese for at least 20 dialogue
turns. After completing the interactions, annotators score
LLMs at an overall level on a 1 to 5 scale. The total score
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of LLMs is calculated as the human ranking. The characters
cover fictional characters focused on existing benchmarks
and characters of three other categories (Figure 3). We cal-
culate rank correlations on different characters and Overall
level, comparing LLMs rankings in these benchmarks to the
human rankings. In Table 6, our CHARACTERBENCH sig-
nificantly outperforms two representative benchmarks (gen-
erative CharacterEval and MCQ-based SocialBench (Chen
et al. 2024a)), showing our benchmark’s effectiveness in as-
sessing LLMs’ character customization in diverse scenarios.

Effectiveness for DPO Optimization To show our bench-
mark’s potential in optimizing LLMs’ character customiza-
tion, we verify its effectiveness using DPO (Rafailov et al.
2023). We use CharacterGLM-6B (6B-Vanilla) as backbone.
To identify the gains from our benchmark’s data for 6B-
Vanilla, we fine-tune it on the highest-scoring data of each
dimension from our training set, obtaining 6B-SFT. Then,
6B-SFT is fed with scripts from our training set to generate
multiple distinct responses. Our CharacterJudge scores these
responses to create paired good-bad responses for DPO
training, obtaining 6B-DPO. We conduct manual pairwise
evaluation (Zhou et al. 2023a) for these 3 models with 10 an-
notators, each interacting with 2 characters for 20 dialogue
turns. In each turn, annotators chose a winner from the re-
sponses of two models to continue the dialogue. If the com-
parison is the tie, a response is randomly selected. In Table
7, 6B-DPO significantly outperforms all baselines, showing
our benchmark’s substantial potential to optimize LLMs’
character customization. More details are in Appendix.

Conclusions
In this paper, we propose CHARACTERBENCH, the largest
bilingual generative benchmark with 22,859 samples, to
evaluate LLMs’ character customization on 11 dimensions
of 6 aspects. We classify sparse and dense dimensions and
ensure an effective and efficient evaluation of each dimen-
sion by constructing tailored queries to induce characters’
responses related to specific dimensions. Extensive experi-
ments conducted with our developed CharacterJudge show
its superiority over automatic judges and our benchmark’s
potential to optimize LLMs’ character customization.
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