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Abstract

With the rapid development of Large Language
Models, dialogue systems are shifting from
information tools to emotional companions,
heralding the era of Emotional Companionship
Dialogue Systems (ECDs) that provide person-
alized emotional support for users. However,
the field lacks systematic evaluation standards.
To address this, we pioneered the design and
implementation of the Four-Dimensional Capa-
bility Evaluation Framework (FDAEF), which
hierarchically integrates “Capability Layer —
Task Layer (three-level) — Data Layer —
Method Layer”. Then, we present ECDBench
1.0, the inaugural ECD-specific benchmark de-
veloped under FDAEF. Through extensive eval-
uations of 30 mainstream models, we demon-
strate that ECDBench 1.0 has excellent discrim-
inant validity and can effectively quantify the
differences in emotional companionship capa-
bilities among models. Furthermore, the results
reveal current models’ shortcomings in deep
emotional companionship, guiding future tech-
nological optimization and significantly aiding
developers in enhancing ECDs’ user experi-
ence.

1 Introduction

Recent advances in Large Language Models
(LLMs) have shifted dialogue systems beyond their
traditional roles in information retrieval and task
execution, ushering in a new paradigm in human-
computer interaction: the Emotional Companion-
ship Dialogue System (ECD). This rapid expan-
sion of capability boundaries renders existing eval-
uation paradigms for traditional dialogue systems
inadequate.

Existing evaluation paradigms are often con-
strained by a narrow scope, primarily focusing
on fragmented tasks such as emotion recogni-
tion(Demszky et al., 2020b; Welivita et al., 2021;
Sabour et al., 2024) or empathetic expression(Liu

et al., 2021; Sabour et al., 2024). However, emo-
tional companionship represents a sophisticated
and multi-faceted interaction capability that tran-
scends these isolated functions. Consequently, cur-
rent frameworks fail to encapsulate the cohesive
chain of capabilities essential for ECDs—ranging
from emotional perception and understanding to
empathetic responding, memory management, and
personalization. This methodological gap pre-
cludes a holistic assessment of system effective-
ness, necessitating the construction of a system-
atic benchmark to scientifically evaluate the multi-
faceted quality of ECD capabilities.

To address these issues, this paper focuses on
the construction of an evaluation Benchmark.
We make two core contributions: First, we pio-
neered the design and implementation of the Four-
Dimensional Capability Evaluation Framework
(FDAEF), which hierarchically integrates “Capa-
bility Layer — Task Layer (three-level) — Data
Layer — Method Layer". With “Comprehensive
Capability Dimensions" as top-level indicators, the
framework deconstructs capabilities into granular
three-level tasks, achieving precise capability-to-
task alignment. This approach effectively mitigates
the long-standing issue of “ambiguous capability-
task matching" prevalent in traditional evaluation
frameworks. Second, we present ECDBench 1.0,
the inaugural ECD-specific benchmark developed
under FDAEF. This benchmark bridges the void of
specialized standards, offering a core reference for
evaluating ECD models in a scientific and repro-
ducible manner.

To validate the effectiveness of ECDBench 1.0,
we conducted large-scale experiments on 30 main-
stream dialogue models. The results demonstrate
that ECDBench 1.0 possesses excellent discrim-
inant validity, effectively revealing performance
disparities among models. More importantly, the
evaluation results precisely pinpoint the prevalent
shortcomings of current models in dimensions such



as companionship capability. This provides devel-
opers with a clear roadmap for translating evalua-
tion metrics into actionable optimization strategies,
ultimately helping to enhance the overall ECD user
experience.

2 Related Work

Organized around the five distinct developmental
stages of dialogue systems, this section provides a
systematic analysis of the co-evolutionary relation-
ship between emotional interaction mechanisms
and their corresponding evaluation paradigms.

2.1 The Early Stage (1960s—early 2010s)

This period is primarily divided into two stages: the
Rule-based stage (1960s—1990s) and the Statistical
Language Model (SLM) stage (1990s—early 2010s).
During the rule-based era, dialogue systems were
primarily driven by symbolic methodologies; con-
sequently, standardized or quantifiable tasks for
emotional evaluation had not yet been established.

Following the 1990s, the expansion of text data
led to the emergence of statistical retrieval-based
systems, marking a preliminary transition from
“rule-driven" to “data-driven" paradigms. During
this period, emotional evaluation began to emerge;
however, it remained subsidiary to general text clas-
sification and was largely confined to simple senti-
ment polarity determination.

2.2 Neural language models(2013-2017)

With the rise of deep learning, neural language
models based on the Encoder-Decoder (Seq2Seq)
architecture enabled end-to-end dialogue sys-
tem(Vinyals and Le, 2015). During this stage, the
mainstream emotional evaluation task centered on
emotion classification, with assessments becoming
increasingly granular. Meanwhile, researchers be-
gan employing metrics like BLEU(Papineni et al.,
2002) and ROUGE(Lin and Hovy, 2003) to pro-
vide preliminary quantitative assessments of end-
to-end generated responses(Zhou et al., 2018). De-
spite the early conceptualization of “relational
agents"(Bickmore and Picard, 2005; Bickmore
et al., 2005), a standardized evaluation framework
specifically targeting companionship capabilities
had yet to be established.

2.3 Pre-trained Language Model(2017-2020)

The emergence of Pre-trained Language Models
(PLMs) catalyzed a paradigm shift in dialogue sys-
tems, facilitating the profound integration of task-

oriented and open-domain conversations(Wang
et al., 2023). This period witnessed a proliferation
of emotional evaluation sub-tasks. The research fo-
cus evolved from an early emphasis on “emotional
understanding"(Socher et al., 2013; Poria et al.,
2019) toward “emotional expression" in the later
stages(Rashkin et al., 2019). Liu et al.(Liu et al.,
2016) noted that traditional metrics such as BLEU
are largely ineffective for evaluating emotional dia-
logue; this observation directly prompted the adop-
tion of “empathy, specificity, and relevance" as the
core criteria for emotional responses. Notably, the
research community began establishing “Digital
Persona Consistency" as an explicit evaluation met-
ric(Zhang et al., 2018a), signaling a preliminary
emphasis on long-term companionship.

2.4 Large Language Model(2020-Present)

LLMs have redefined the paradigm of dialogue sys-
tems, exhibiting empathetic capabilities that rival or
even exceed human performance on specific bench-
marks(Bai et al., 2025; Lee et al., 2024). This era
marks a pivotal shift in emotional understanding
tasks from mere classification to causal attribution,
where evaluation emphasizes the underlying logical
reasoning over simple label identification(Demszky
et al., 2020a; Poria et al., 2021). To mirror these
advanced capabilities, the evaluative focus has tran-
sitioned from fragmented sub-tasks toward holis-
tic benchmarks—notably EQ-Bench(Paech, 2023)
and EmoBench(Sabour et al., 2024)—which scru-
tinize psychological insight and social reasoning.
Methodologically, this transition has catalyzed the
“LLM-as-a-Judge" paradigm, enabling scalable as-
sessment(Zheng et al., 2023). Furthermore, con-
temporary frameworks now integrate cross-cultural
nuances(Karinshak et al., 2024) and ethical “red-
lines"(Archiwaranguprok et al., 2025) to ensure
that highly empathetic companionship remains an-
chored in human societal values.

2.5 Agent(2022-Present)

Since the 2022 introduction of the ReAct frame-
work(Yao et al., 2022), dialogue systems have en-
tered the “Agent Era," enabling proactive task exe-
cution and fostering systems like Emotional Sup-
portAgent(Xu et al., 2025). This evolution has
refocused research on AI’s longitudinal impact on
human psychological health(Zhang et al., 2025; Ng
et al., 2025; Liu et al., 2024), necessitating evalua-
tion frameworks centered on long-term relationship
maintenance. Current benchmarks now prioritize
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Figure 1: Evolution Diagram of Emotional Companionship Capability Evaluation

memory and information integration in extended
contexts (e.g., RULER(Hsieh et al., 2024), Long-
memeval(Cheng et al., 2024), LoCoMo(Maharana
et al., 2024)) and emotional responsiveness (e.g.,
INTIMA (Kaffee et al., 2025)). Furthermore, the
emergence of “sandbox simulations," such as Intel-
IAgent(Levi and Kadar, 2025), allows for the holis-
tic assessment of agent socialization and strategic
robustness within dynamic, multi-agent environ-
ments.

The evaluation for capability of emotional com-
panionship has advanced alongside the technolog-
ical evolution of dialogue systems. In the early
stages, evaluation primarily focused on simple emo-
tion classification. During the era of NLMs, the
focus began to shift from classification tasks toward
emotion understanding. The pre-training paradigm
then saw increased attention on tasks such as em-
pathetic dialogue generation. With the advent of
LLMs and AI Agents, evaluation has evolved from
isolated emotional companionship sub-tasks to-
ward holistic benchmarks. These benchmarks em-
phasize long-term relationship maintenance, ethics,
safety, and emotional companionship within real-
world social contexts. This shift further directs
the research focus toward the essence of long-term
bonds and companionship itself, signifying that
“emotional companionship" has emerged as a dis-
tinct, sophisticated, and integrated interaction ca-
pability, as illustrated in Figure 1.

Meanwhile, this developmental trajectory under-
scores that the evaluation of emotional companion-

ship has evolved incrementally, resulting in a frag-
mented landscape of assessment tasks. Given that
emotional companionship capability is a complex
and multifaceted capability, a holistic evaluation
benchmark is essential to provide a unified and
systematic assessment.

3 Design and Implementation of FDAEF

To address the core question of “how to scientifi-
cally evaluate emotional companionship capabili-
ties," this paper first conducts a systematic review
of existing Large Language Model (LLM) evalu-
ation theories and methods. Specifically, we ex-
amine the design logic and core components for
more than 40 evaluation frameworks and bench-
marks(See Appendix 7.1 for details), while deeply
deconstructing the specific tasks, datasets, and
methodologies within each benchmark. Subse-
quently, drawing inspiration from the stratified as-
sessment philosophy of standardized human test-
ing, we propose a universal four-layer evaluation
framework, FDAEF, as illustrated in Figure 2.

The development of FDAEF was a two-step pro-
cess, consisting of top-down capability decom-
position and bottom-up score aggregation. This
section details the design and core logic of these
two processes. Finally, the full implementation of
FDAEF will be open-sourced upon acceptance.

3.1 Capability Decomposition Process

Following the logic of our four-layer framework,
our decomposition process consists of four progres-
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Figure 2: The Four-Layer Evaluation Framework of FDAEF

sive stages: Capability Layer Definition, Task
Layer Mapping, Data Layer Construction, and
Method Layer Adaptation.

Our first stage, Capability Layer Definition.
We involve breaking down capabilities to be eval-
vated into four primary categories: Threshold,
Foundational, Core, and Supporting capabili-
ties based on the theory of Ervin Laszlo(Laszlo,
1972).

The Threshold Capability serves as the corner-
stone and safety baseline for the user experience,
acting as a ‘“‘one-vote veto” that corresponds to
the user need for “Values & Safety”’. The Foun-
dational Capability refers to the set of universal
capabilities essential for a system to achieve its
basic objectives, serving as the bedrock for the real-
ization of all other types of capabilities. The Core
Capability refers to a collection of high-value, non-
substitutable capabilities developed by a system
over long-term evolution. They serve as the funda-
mental pillar for achieving sustainable competitive
advantage and fulfilling strategic objectives. The
Supporting Capability refers to a collection of
auxiliary functions that serve as a robust guaran-
tee for the synergistic coordination between core
and foundational capabilities. These capabilities
may evolve into foundational or core competencies
during particular phases of growth.

To avoid excessive decomposition, FDAEF re-
stricts the capability layer to a four-tier structure:

Overall Capability — Capability Dimensions (con-
sisting of four dimensions) — Sub-capabilities —
Leaf Capabilities.

In the Task Layer Mapping stage, we design
specific evaluation tasks for each capability, es-
tablishing a “capability-task” mapping. To more
finely delineate the models’ capability boundaries,
we adapt the concept of difficulty grading from
human examinations. This approach allows us to
classify the evaluation tasks for each sub-capability
into three levels: low, medium, and high. This
classification is the basis for the “three-level” des-
ignation of the Task Layer. Low-level tasks assess
basic recognition and simple application; medium-
level tasks evaluate comprehensive processing in
complex scenarios; and high-level tasks challenge
the limits of the sub-capability, examining its per-
formance in unconventional, highly difficult, or
open-ended scenarios.

For the Data Layer Construction stage, we se-
lect or construct 2-4 evaluation datasets for each
task, typically including at least one in Chinese and
one in English. We adhere to a “reuse-first” princi-
ple, prioritizing established, academically validated
datasets. For tasks lacking existing data, research
teams can independently construct the correspond-
ing datasets. To ensure practical testing times, we
sample 300 sets of data from each dataset for vali-
dation; if a dataset has fewer than 300 entries, its
full size is used.



In the final stage, Method Layer Adaptation,
we select or design specific evaluation methods for
each dataset. A single dataset may be assessed by
multiple methods. Current evaluation paradigms
primarily fall into three categories: benchmark-
based, model-based, and human-centric.

3.2 Score Aggregation Process

As illustrated in Figure 2, the score aggregation pro-
cess combines the results from various evaluation
methods into a single, final score for capability to
be evaluated. This is achieved through a four-step
process: dataset score aggregation, task score
aggregation, capability score synthesis, and final
score calculation. The detailed algorithm for this
process is provided in Appendix 7.2.

4 Design and Implementation of
ECDBench 1.0

To validate the FDAEF framework, we designed
and implemented ECDBench 1.0, the first bench-
mark specifically for ECDs.

4.1 Design principles of ECDBench 1.0

Following the design principles of FDAEF, the de-
sign of ECDBench 1.0 involves four progressive
stages: the Capability Layer Definition stage, the
Task Layer Mapping stage, the Data Layer Con-
struction stage, and the Method Layer Adaptation
stage. Notably, the Capability Layer Definition and
Data Layer Construction stages warrant particular
elaboration.

The Capability Layer Definition stage: we
decompose emotional companionship capabilities
into four aggregate categories: Threshold, Founda-
tional, Core, and Supporting capabilities. Specifi-
cally, Threshold capabilities serve as the bedrock
and safety baseline for the companionship experi-
ence, corresponding to “Values and Safety.” Foun-
dational capabilities provide the universal basis for
interaction, encompassing Natural Language Un-
derstanding (NLU), Natural Language Generation
(NLG), Natural Language Reasoning (NLR), and
Common Sense. Core capabilities represent the
critical components of emotional companionship,
consisting of Emotional and Companionship capa-
bilities. Finally, Supporting capabilities act as ben-
eficial supplements, including Multimodal integra-
tion, Knowledge Acquisition, and Cross-cultural
Capabilities, as illustrated in Figure 3.

The Data Layer Construction stage: during
this stage, adhering to the ‘“Reuse-First” principle,

Threshold Capability {Values & safety)

Foundational Capability
ural Langua

Core Capability
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Figure 3: Decomposition of Emotional Companionship
Capability

we prioritized the selection of established bench-
mark datasets that have been academically vali-
dated. For evaluation tasks lacking existing data
support, we independently constructed the ECD-
Bench dataset, comprising a total of 1,200 test sam-
ples.

4.2 Implementation and Analysis of
ECDBench 1.0

Guided by the design principles of ECDBench 1.0,
we have implemented this benchmark. Due to var-
ious resource constraints, supporting capabilities
were not incorporated in this 1.0 version. Ulti-
mately, the benchmark comprises 41 evaluation
tasks, 60 datasets, and 60 evaluation methods (see
Appendix 7.5 for details). The statistics in Table
1 highlight several areas for future optimization,
specifically concerning resource distribution, di-
mensional balance, and language coverage.

First, resource distribution across capabilities
is imbalanced. While Values & Safety, Founda-
tional Capability, and Emotional Capability (e.g.,
emotion recognition) have a solid foundation for
quantitative assessment, resources for Companion-
ship Capability and more advanced emotional tasks
are markedly limited. This constitutes a primary
limitation of the current benchmark and a key focus
for future work.

Second, the dimensional ratios fall short
of our target. Our framework’s target ratios
are Capability:Task=1:3, Task:Dataset=1:2, and
Dataset:Method=1:1. The current benchmark’s ra-
tios are too high, suggesting that even where overall
resources seem adequate, coverage for specific sub-
capabilities (e.g., Emotion Understanding, Emotion
Management) remains insufficient and requires sup-
plementation.

Third, the benchmark’s language coverage is
inadequate for robust cross-cultural evaluation.
The current 60 datasets are predominantly Chinese



Table 1: ECDBench 1.0: Statistics on Capabilities, Tasks, Datasets, and Methods

Capability Dimension Capability Name # of Eval Tasks # of Datasets  # of Eval Methods
Values 2 5 5
Values & Safety Safety 4 5 5
Natural Language Understanding 5 8 8
. o Natural Language Inference 6 8 8
Foundational Capability Natural Language Generation 1 3 3
Commonsense Capability 6 8 8
Emotion Recognition 6 10 (1) 10
Emotion Understanding 2 3(1) 3
Emotional Capability Emotion Management 1 1(1) 1
Empathetic Response 2 2(1) 2
Comprehensive Emotional Intelligence 3 4 4
Companionship Capability Memory & Personalization 3 3 3
Total 41 60 (4) 60

* Note: In the “# of Datasets” column, the number in parentheses indicates the count of self-built ECDBench datasets included

in the total.

(35%) and English (58.3%). The limited repre-
sentation of dedicated bilingual datasets (6.7%)
severely constrains the assessment of cross-lingual
capabilities. Furthermore, the complete absence of
other major languages, such as Japanese or Spanish,
restricts the benchmark’s applicability in diverse
cultural contexts, marking this as a key direction
for future expansion.

5 Experiment

We evaluated 30 representative conversational mod-
els (a full list is in Appendix 7.3) using the ECD-
Bench 1.0 benchmark to assess their emotional
companionship capabilities. The final rankings and
scores are detailed in Appendix C. This experiment
produced three key results: 1. We validated that
ECDBench 1.0 is an effective and correct bench-
mark for measuring emotional companionship. 2.
The evaluation uncovered common patterns and
trends in current ECDs. 3. It offers a precise and
actionable roadmap for developers to optimize and
improve ECDs.

5.1 Validation of Benchmark Effectiveness
and Correctness

We confirmed the effectiveness and correctness of
the ECDBench 1.0 benchmark through two dimen-
sions of analysis:

1. Consistency with Domain Consensus.
The benchmark rankings (see Appendix C) align
strongly with the general consensus of mainstream
models. There is a clear score gap between top-
tier and general models, and members of the same
model family with different scales also show ex-

pected performance differences. This demonstrates
that the benchmark has excellent discriminant va-
lidity.

However, excluding two models with outlier
scores, the comprehensive score difference be-
tween the first and 28th-ranked models is only
7.14 points. This relatively small gap indicates
that ECDBench 1.0 has a limited number of mid-
to-high difficulty tasks, which is a key area for
future improvement.

Score Distribution

Figure 4: Score Distribution

2. High Correlation with Human Evaluation.
An analysis of the models score distribution box
plot (as shown in Figure 4, left) revealed three
key findings: (1) scores for the Values and Safety
dimension were the highest, indicating optimal per-
formance in this area; (2) Foundational Capability
achieved the second-highest score, demonstrating
high performance in conversational fluency and
question-answering accuracy; and (3) scores for
Emotional Capability were balanced within an ac-
ceptable range, showing satisfactory overall per-
formance. Notably, the Companionship Capability
dimension was significantly weaker.

This consistency between model score character-
istics and human subjective preferences indicates a



strong correlation between our benchmark’s quan-
titative results and human evaluation, which in turn
indirectly validates the benchmark’s effectiveness
in assessing the quality of ECD products.

5.2 patterns and trends in current ECDs
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Figure 5: Average Score Comparison: Closed-source
vs. Open-source Models

Based on an analysis of the experimental results,
we have summarized the following key findings:

Finding 1: Closed-source models outperform
open-source models in emotional companionship
capabilities.

Whether viewed from the overall ranking distri-
bution or the average scores across each dimension
(as shown in Figure 5), closed-source models con-
sistently performed better on average than open-
source models. This reflects the stronger overall
capabilities of the closed-source model develop-
ment teams.

Figure 6: Emotional Companionship Capability Com-
parison of Models with Different Parameter Sizes within
the Same Family (Doubao, GPT, Qwen)

Finding 2: The scaling law remains effective in
the emotional companionship domain.

By comparing models with different parameter
sizes within the Doubao, GPT, and Qwen families,
we found that performance generally correlates pos-
itively with the number of parameters (as shown

in Figure 6). This indicates that the scaling law
continues to be effective in this specific vertical
domain of emotional companionship.

Finding 3: Foundational language capabilities
are the “Cornerstone” for core capabilities, but can-
not directly translate into them.

The scatter plot of scores for Foundational Capa-
bilities and Core Capabilities (as shown in Figure
7) reveals a certain degree of correlation(as illus-
trated by the fitted curve in Figure 7). This suggests
that a solid foundation is a necessary prerequisite
for developing core capabilities. However, a deeper
analysis indicates that correlation does not equal di-
rect conversion. As the plot shows, within a narrow
range of similar core scores (58-65), the scores of
different models’ foundational capabilities have lit-
tle impact on their core capability scores. This dis-
persed distribution strongly demonstrates that core
capabilities are not a natural byproduct of founda-
tional ones; they must be targeted and strengthened
as an independent goal.
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Figure 7: Scatter Plot of Scores: Core Capabilities vs.
Foundational Capabilities

5.3 Pinpointing Directions for ECD
Optimization

By using ECDBench 1.0’s hierarchical break-
down from “capability layer—task layer (three-
level)—data layer—method layer,” we can drill
down from a macro-level capability to a micro-level
task, providing a precise and actionable guidance
path for model optimization. For example, to ana-
lyze a model’s current capability gaps, a developer
can follow these steps:

1. Capability layer identification: By analyz-
ing the score distribution box plot for all tested
models (Figure 4, left), we found that “Companion-



ship Capability” is a universal weakness across all
capability dimensions.

2. Task layer identification: Within the “Com-
panionship Capability” task layer, “Long-term Dia-
logue Recall” has the lowest score and is a core bot-
tleneck dragging down overall performance (Figure
4, right).

3. Data and method layer identification: This
specific task corresponds to the LongMemEval
dataset, meaning the problem lies in the model’s
low score on this dataset.

4. Cause analysis: The LongMemEval dataset
requires a model to process long-form, cross-
session, and dynamic information. However, the
Transformer’s attention mechanism struggles to
handle this type of information.

5. Conclusion: To improve a model’s “Long-
term Dialogue Recall” capability, we recommend
that developers start with memory management and
establish a dynamic memory management mecha-
nism to enhance its performance in this area.

6 Conclusion

This paper pioneers the design and implementa-
tion of the FDAEF, a hierarchical architecture de-
signed to standardize the assessment of integrated
capability. Building upon this framework, we in-
troduce ECDBench 1.0, the inaugural comprehen-
sive benchmark specifically engineered for ECDs.
Meanwhile, we created a dataset of 1,200 high-
quality for specific evaluation tasks.

Through a systematic evaluation of 30 repre-
sentative conversational models, we not only vali-
date the framework’s efficacy in quantifying multi-
faceted emotional companionship capabilities with
robust discriminant validity but also delineate ac-
tionable optimization trajectories for the field. Fur-
thermore, while the proliferation of ECDs neces-
sitates a cautious approach toward sociopsycho-
logical risks such as user dependency, the ECD-
Bench1.0 serves as a vital diagnostic tool to detect
and quantify these behaviors. By providing devel-
opers with essential empirical evidence, this work
empowers the engineering of safer and more ethi-
cally responsible interaction paradigms.

Building on these findings, our future develop-
ment of the ECDBench series will prioritize three
key areas:

1. Multimodal Evaluation Expansion: We aim
to transcend text-only interactions by extending our
assessments to include speech and visual modali-

ties, reflecting the multisensory nature of human
companionship.

2. High-Order Emotional Complexity: Future
iterations will focus on developing advanced tasks
and high-quality datasets to evaluate long-term, dy-
namic interactions and complex emotional phenom-
ena such as irony and mixed affective states.

3. Methodological Refinement: We will ex-
plore novel evaluation paradigms that optimize the
balance between computational efficiency and ob-
jective accuracy, ensuring a more rigorous measure
of a model’s latent performance.

As ECDs become more prevalent, the research
focus will shift to deep emotional understanding,
long-term memory, and personalized responses. Ul-
timately, for ECDs to become genuine companions,
they must fulfill the fundamental human need to
“feel seen, understood, and supported.”

Limitations

While this work establishes a systematic framework
for evaluating ECDs, we acknowledge several limi-
tations that define the scope of our current findings
and suggest directions for future research.

1. Multimodal and Cross-cultural Dimen-
sions: Our current evaluation system, ECDBench
1.0, is primarily focused on text-based interactions.
However, genuine emotional companionship often
relies on a synergy of multimodal signals, including
vocal prosody and visual cues, which are not yet
covered. Furthermore, the current framework does
not fully account for the profound cross-cultural
variations in empathetic expression and compan-
ionship expectations.

2. Complexity of Higher-order Emotions:
The assessment of higher-order emotional phenom-
ena—such as irony, sarcasm, and nuanced mixed
emotions—remains a significant challenge. Due
to the scarcity of high-quality, academically vali-
dated datasets in these specific areas, our bench-
mark’s ability to scrutinize a model’s performance
in highly complex emotional scenarios is currently
constrained.

3. Methodological Dependencies: A major-
ity of the tasks in ECDBench 1.0 currently rely
on benchmark-based evaluation methods. While
these methods provide standardized metrics, their
accuracy is inherently dependent on the quality of
the gold-standard datasets and can be influenced
by variations in response length or linguistic di-
versity. Transitioning toward more robust, model-



based evaluation paradigms that balance efficiency
with objective accuracy remains a key objective for
future iterations.



7 Appendix

7.1 Evaluation Framework and Benchmark

Table 2: Table of Evaluation Framework and Benchmark

Number Name RTe!ease Publishing Entity
ime
1 GLUE (Wang et al., 2018) 2018 New York University, the Umv.ersny of Washington, and
DeepMind
2 SuperGLUE (Wang et al., 2019) 2019 New York University, the Umv.ersny of Washington, and
DeepMind
3 XTREME (Hu et al., 2020) 2020 Carnegie Mellon University
4 XGLUE (Liang et al., 2020) 2020 Microsoft
MMLU (Hendrycks et al.,
5 202142) 2020 UC Berkeley
6 CLUE (Xu et al., 2020b) 2020 CLUE Team
7 DialoGLUE (Mehri et al., 2020) 2020 Shikib Mehri
BIG-Bench (Srivastava et al., 450 authors from 132 institutions (primarily led by Google
8 2021
2023) researchers)
9 GSMSK (Cobbe et al., 2021) 2021 OpenAl
10 HumanEval (Chen, 2021) 2021 OpenAl
11 Truthful QA (Lin et al., 2022a) 2021 Stanford University
MATH (Hendrycks et al.,
12 2021b) 2021 Dan Hendrycks
13 HELM (Liang et al., 2022) 2022 Stanford University
14 CUGE (Yao et al., 2021) 2023 Peking University, Tsmghga Unlvgr51ty, Beijing Academy of
Artificial Intelligence
15 Evals (OpenAl) 2023 OpenAl
16 OpenCompass (Contributors, 2023 Shanghai Artificial Intelligence Laboratory, Shanghai Jiao Tong
2023) University, The Chinese University of Hong Kong, Shenzhen
17 FlagEval 2023 Beijing Academy of Artificial Intelligence
18 PromptBench(Zhu et al., 2023 Microsoft Research
2023a)(Zhu et al., 2023b) ) )
19 DeepEval 2023 Confident Al Team
SEAL LLM Leaderboards
20 (Slack et al., 2024) 2023 Scale Al
Open LLM Leaderboard .
21 (Myrzakhan et al., 2024) 2023 Hugging Face
22 SuperCLUE (Xu et al., 2023) 2023 CLUE Team
23 AGI Eval (Zhong et al., 2024) 2023 Microsoft
Shanghai Jiao Tong University, Tsinghua University, The
24 C-Eval (Huang et al., 2023b) 2023 University of Edinburgh
25 MT-Bench (Zheng et al., 2023) 2023 UC Berkeley
26 SafetyBe“;gz(f)hang etal, 2023 COAI Team of Tsinghua University
27 S-Eval (Yuan et al., 2025) 2023 Zhejiang University, Alibaba Group
28 M3ke (Liu et al., 2023a) 2023 Chuang Liu et al.
29 MMCU (Zeng, 2023) 2023 Hui Zeng
30 SOCKET (Choi et al., 2023) 2023 Minje Choi et al.
31 AGENTBENCH (Liu et al, 2023 Xiao Liu et al,
2023c)
32 API-Bank (Li et al., 2023a) 2023 Minghao Li et al.
33 clembench (Chalamalasetti 2023 Kranti Chalamalasetti et al
et al., 2023) :
34 TrustGPT (Huang et al., 2023a) 2023 Yue Huang et al.
35 CLEVA (Li et al., 2023b) 2023 The Chinese Unlversny of Hong Kong, Shanghai Artificial
Intelligence Laboratory
36 Evalscope (Team, 2024) 2024 Carnegie Mellon University
CLiB (ReLE) (ReLE L L . L
37 Benchmark Team, 2025) 2024 Xidian University, Zhejiang University
38 CEB (Wang et al., 2024) 2024 Song Wang et al.
39 Chatbot Arezrglzgghlang et al., 2004 LMSYS Org
40 CMMLU (Li et al., 2024a) 2024 Haonan Li et al.
DialogueBench (Ou et al., .
41 2024) 2024 Jiao Ou et al.
42 Xiezhi (Gu et al., 2024) 2024 Zhouhong Gu et al.
43 CELLO (He et al., 2024) 2024 Qianyu He et al.
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7.2 Evaluation Algorithm for Emotional Companionship Capability

This appendix provides detailed pseudocode for the algorithm and a complete reference table for the
symbols, functions, and data structures used. To calculate the final score for emotional companionship
capability, ECDBench 1.0 implements a four-step process: progressing from the method layer to the
data layer, from the data layer to the task layer, from the task layer to the capability layer, and finally
calculating the total score. This process systematically transforms a model’s scattered performance on
specific tasks into a final comprehensive score that measures its emotional companionship capability (for
the detailed process, see Algorithm 1; for explanations of specific functions, see Table 3).

7.2.1 Step 1: Composite Score Algorithm for Datasets(Method Layer — Data Layer)

Objective : Starting from the most fundamental evaluation methods, to calculate a unified and standard-
ized composite score for each dataset.

Process

1. Raw Score Generation and Normalization: For a specific dataset (D) and evaluation method (M),
the model’s raw score, F,.q,, is first obtained. Since raw scores can come in various formats (e.g.,
numerical values, grades, ratios), Algorithm 2 (NormalizeScore) is called to uniformly translate
them into a standardized score, Sy,0rm, on a 0-100 scale, thereby ensuring comparability.

2. Dataset Score Aggregation: If a single dataset is evaluated by multiple methods, it will generate
multiple standardized scores. Algorithm 3 (AggregateScores) is then called to perform a weighted
average of these scores, ultimately yielding the composite score for the dataset, S(D).

. EMGMD w(M) : Snorm(Mv D)
ZMEMD w(M)
Here, S(D) is the composite score of dataset D, M p is the set of all evaluation methods applied to

dataset D, Sy,orm (M, D) is the standardized score for the corresponding method, and w (M) is the
weight of method M.

S(D) (1)

7.2.2 Step 2: Task Layer Score Aggregation Algorithm (Data Layer — Task Layer)

Objective : To hierarchically aggregate the scattered dataset scores into “sub-task scores” and “difficulty-
level scores” according to the definitions in the evaluation framework.

Process

1. Sub-task Score Aggregation: The algorithm iterates through all sub-tasks (7%,;) defined in the
configuration file, finds the scores of the datasets that constitute each sub-task, and calculates the
sub-task score S(Ty,p) by performing a weighted average using Algorithm 3 (AggregateScores).

_ Ypep,,, WD, Tsw) - S(D)
S(Tsub> - ZDGDSM w(D7 Tsub) (2)

2. Difficulty-Level Score Aggregation: Through a three-level loop, the algorithm iterates through
Main Capability — Sub-capability — three difficulty levels (“Low (L),” “Medium (M),” “High
(H)”) (A). It then aggregates the scores of all sub-tasks belonging to the same difficulty level under
a sub-capability, again using Algorithm 3 (AggregateScores), to obtain the total score for that
difficulty level, S(T?).

S(T)\) _ ZTSubGTA w(TSUb) : S(TSUb) (3)
ZTsubeT* w(Tsup)
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Algorithm 1 Overall Benchmark Evaluation Flow

1
2:
3:
4

14:
15:
16:
17:
18:

19:
20:

: function CALCULATEBENCHMARKSCORE(Model)
> Initialize configurations, e.g., datasets, tasks, capabilities, weights
Config < LoadConfiguration()
Scores <— InitializeScoreStorage()
> Step 1: Calculate the composite score for each dataset (Method Layer — Data Layer)
for each Dataset D in Config.Datasets do
method_scores < []
for each Method M used for D do
FE, 4 < GetRawScore(Model, M, D)
Snorm — NORMALIZESCORE(E, 4y, M .type, M .params) > Call Algorithm 2
Append (Shnorm, M.weight) to method_scores
end for
Scores.dataset[ D] +— AGGREGATES CORES(method_scores) > Call Algorithm 3
end for
> Step 2: Aggregate task scores (Data Layer — Task Layer)
for each SubTask T, in Config.Tasks do
dataset_scores < GetRelevantScores(Scores.dataset, T,,;.datasets)
Scores.subtask[7,»] < AGGREGATESCORES(dataset_scores)
end for
for each MainAbility A; in Config.Capabilities.main_abilities do > Iterate through main
capabilities
for each SubAbility A;; in A;.sub_abilities do > Iterate through sub-capabilities
for each Level A in {L, M, H} do
subtask_scores <— GetRelevantScores(Scores.subtask, A;;.tasks(\)) > Get tasks for

21:

22:
23:
24
25:

26:
27:

28:
29:
30:
31:
32:

33:

34:
35:

the sub-capability at a specific difficulty level

Scores.task_level[A;;, A] <~ AGGREGATESCORES(subtask_scores)
end for
end for
end for
> Step 3: Synthesize capability scores (Task Layer — Capability Layer)
for each SubAbility A;; in Config.Capabilities do
Scores.sub_ability[ A;;] <— SYNTHESIZESUBABILITYSCORE(Scores.task_level, A;;) > Call

Algorithm 4

end for
for each MainAbility A; in Config.Capabilities do
sub_ability_scores < GetRelevantScores(Scores.sub_ability, A;.sub_abilities)
Scores.main_ability[ A;] < AGGREGATESCORES(sub_ability_scores)
end for
> Step 4: Calculate the final total score (Capability Layer — Total Score)
Stotal — CALCULATEFINALSCORE(Scores.main_ability, Config.penalty_rule) i Call Algorithm

return Sy ;a1

end function
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Algorithm 2 Score Normalization (NormalizeScore)

1: function NORMALIZESCORE(FE;.4q, type, params)

2 if type is “numeric” then > e.g., a five-point scale with a range of [1, 5]
3 (Smins Smagz) < params

4 return (Eraw - szn) / (Smaac - Smm) x 100

5: else if type is “grade” then > e.g., “Excellent” -> 95
6 mapping_table < params

7 return mapping_table[ E} 4, ]

8

9

else if type is “ratio” then > e.g., accuracy, with a range of [0, 1]
: return F, ., x 100
10: else
11: return E, ., > If no specific type, input is assumed to be on a 0-100 scale
12: end if

13: end function

Here, S(7Tsy.) represents the score of a single sub-task; Dy, is the set of all datasets that constitute
sub-task Tl,; and S(D) is the composite score of dataset D. S(T™) refers to the task score for difficulty
level )\, while 7 is the set of all sub-tasks at that difficulty level. w(D, Ty,;) and w(Ty,p) are the weights
of the dataset and the sub-task, respectively. In ECDBench 1.0, their weights are provisionally set to 1.

Algorithm 3 General Weighted Aggregation (AggregateScores)

1: function AGGREGATESCORES(scored_items) > Input is a list of (score, weight) pairs
2 total_weighted_score < 0

3 total_weight <— 0

4 for each (score, weight) in scored_items do

5: total_weighted_score < total_weighted_score + score X weight
6 total_weight < total_weight + weight

7 end for

8 if total_weight = O then

9: return 0
10 else
11: return total_weighted_score / total_weight
12: end if

13: end function

7.2.3 Step 3: Capability Layer Score Synthesis Algorithm (Task Layer — Capability Layer)

Objective : To map and synthesize specific task performance scores into a capability score that can
measure a certain capability of the model.

Process

1. Sub-capability Score Synthesis:

This stage serves as the bridge connecting “tasks” and “capabilities.” The algorithm calls the
specialized Algorithm 4 (SynthesizeSubAbilityScore) to perform a weighted sum of the task scores
for the three difficulty levels, S(7™), based on preset asymmetric difficulty weights (e.g., Low 30%,
Medium 55%, High 15%), to obtain the final score for the “sub-capability” (A;;), which is S(A;;).

S(Aij) = wh - S(TE) + ™ - S(TH) + W - S(TH) “4)

Here, w”, w™, w! are the difficulty weights for the Low, Medium, and High tasks, respectively, and
their sum is 1. The weights are set as follows:
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» Standard Weights: When a sub-capability includes tasks of all three difficulty levels, the
weights are set to wl =0.3, M =0.55, and W = 0.15.
* Special Cases (Missing Tasks): When a sub-capability only includes tasks of some difficulty
levels, the weights are dynamically adjusted proportionally to ensure their sum is 1.
(a) If there is only one level of evaluation tasks, the weight for that level is 1.
(b) If there are only Low and Medium tasks, the weights are adjusted to w’ = 0.4 and
wM =0.6.
(c) If there are only Low and High tasks, the weights are adjusted to w’ = 0.6 and w? = 0.4.
(d) If there are only Medium and High tasks, the weights are adjusted to w™ = 0.7 and
wH =0.3.

2. Main Capability Score Aggregation: The algorithm iterates through all “main capabilities” (A;) and
aggregates the scores of all their subordinate sub-capabilities using Algorithm 3 (AggregateScores)
(typically by arithmetic mean) to obtain the main capability score, S(A4;).

 2oaen w(Ay) - S(Aij)

Here, S(A;) represents the score of main capability i; A; is the set of all sub-capabilities that constitute
main capability A;; S(A; ;) is the score of sub-capability j; and w(A; ;) is the weight of sub-capability ;.
In ECDBench 1.0, we provisionally consider each sub-capability to be of equal importance, thus setting
w(Am-) =1.

S(A4y) 5)

Algorithm 4 Sub-capability Score Synthesis (SynthesizeSubAbilityScore)

1: function SYNTHESIZESUBABILITYSCORE(task_level_scores, sub_ability_config)

2 > Get scores for each difficulty level; if missing, the score is 0
3 score_L <— GetScoreForLevel(task_level_scores, L, sub_ability_config)

4 score_M < GetScoreForLevel(task_level_scores, M, sub_ability_config)

5: score_H «+ GetScoreForLevel(task_level_scores, H, sub_ability_config)

6 > Get dynamically adjusted difficulty weights based on existing task levels
7 (wp, wpyr, wrr) < GetAdjustedDifficultyWeights(score_L, score_M, score_H)

8 S Ay < WL - score_L. + wjs - score_M + wp - score_H

9: return S4,;

10: end function

7.2.4 Step 4: Final Score Calculation Algorithm (Capability Layer — Total Score)

Objective : To calculate a final total score that represents the model’s overall performance by applying
weights to each main capability score.

Process

1. Threshold Check: First, the algorithm checks if the score for the “threshold capability” (Ag),
“Values & Safety,” meets the preset minimum threshold, 7 (set to 60 in ECDBench). If the model
fails to meet this threshold, a “one-vote veto” mechanism is triggered, and the total score is recorded
as 0.

2. Weighted Total Score: If the model passes the threshold check, a weighted sum of the scores
for each main capability is calculated based on their final weights (in ECDBench, these are set to
Foundational Capability 30%, Emotional Capability 40%, and Companionship Capability 30%) to
derive the final total score, S;otai-

ZAieAmain w(Ai)'S(Ai) .
Stotal = 24 €Amain WA ifS(Ay) = 7
0 if S (Ak) <T

(6)
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Algorithm 5 Final Score Calculation (CalculateFinalScore)

1: function CALCULATEFINALSCORE(main_ability_scores, penalty_rule, main_ability_weights)
2 Ay, < penalty_rule.gate_ability > threshold capability, e.g., “Values & Safety”
3 T < penalty_rule.threshold > Minimum passing threshold, e.g., 60
4 if main_ability_scores[Ax] < 7 then
5: return 0 > Trigger “one-vote veto”; total score is 0
6 else
7 > Prepare a list for weighted aggregation of main capabilities
8: scored_items < []
9: for each capability_name, score in main_ability_scores do
10: if capability_name is not A;, then
11: weight <— main_ability_weights[capability_name] > Get the corresponding weight
12: Append (score, weight) to scored_items
13: end if
14: end for
15: Stotal < AGGREGATESCORES(scored_items)
16: return Sy;q;
17: end if

18: end function

Reference Table for Symbols, Functions, and Data Structures as tab 3.

Table 3: Reference Table for Symbols, Functions, and Data Structures

Symbol/Name

Conceptual Definition

Core Data Structures

Config

Scores

The evaluation configuration object. Stores the “blueprint” for the entire benchmark, including task
hierarchies, datasets, capability definitions, and all weights and other metadata.

The dynamic score storage object. Used to cache scores at various levels during the calculation process,
such as Scores.dataset, Scores.subtask, etc.

Main & Helper Functions

CalculateBenchmarkScore
LoadConfiguration
InitializeScoreStorage
GetRawScore
NormalizeScore
AggregateScores
GetRelevantScores
SynthesizeSubAbilityScore

GetScoreForLevel

CalculateFinalScore

The main function for the overall evaluation process. It takes a model to be tested (Model) as input and
serves as the entry point for the entire algorithm.

An initialization function responsible for loading configuration information from an external file (e.g.,
YAML/JSON) and constructing the Config object.

An initialization function responsible for creating an empty Scores object before the calculation begins,
which is used to store subsequent results.

The raw score retrieval function. It calls the specific evaluation program to obtain the model’s raw,
unprocessed score for a particular dataset and method.

The score normalization function. It converts raw scores of various formats (e.g., five-point scale,
grade-based) into a standardized 0-100 score.

The general weighted aggregation function. It takes a list of (score, weight) pairs and calculates their
weighted average score.

The data filtering and retrieval function. Based on a given list of names, it precisely extracts a relevant
subset of scores from a larger score pool to prepare for the next aggregation step.

The sub-capability score synthesis function. It calculates the weighted sum of task scores based on preset
asymmetric difficulty weights (Low/Medium/High) to derive the sub-capability score.

The score retrieval function. Used during the synthesis of sub-capability scores to obtain the task score
for a specific difficulty level (L/M/H), returning O if it does not exist.

The final total score calculation function. It is responsible for performing the “threshold capability”
check and calculating a weighted sum of the scores of the main capabilities that pass the check, based on
preset weights, to derive the final total score.

Mathematical & Logical Symbols

S(C)

Eraw (M7 D)
Sno’r‘m(M7 D)
Smin: Smaat
w(-)

wa,

i

Scoring Function, calculates the score of the object in the parentheses.

The raw score of method M on dataset D.

The 0-100 standardized score of method M on dataset D.

The minimum/maximum value range for numerical scores.

General Weight, the weight of different objects is distinguished by context.
The weight of main capability A;.
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(Continued) Reference Table for Symbols, Functions, and Data Structures

Symbol/Name Conceptual Definition

w? Task difficulty weight, A € {L, M, H}.

D Dataset.

M Evaluation Method.

Mbp The set of all evaluation methods used for dataset D.

Tsun Sub-task.

Deub The set of datasets that constitute sub-task 7Ts.p.

T Task at a specific difficulty level A.

T The set of all sub-tasks at difficulty level \.

A Difficulty Level, with values L (Low), M (Medium), H (High).

A; The i-th Main Capability.

Aij The j-th Sub-capability under the main capability A;.

A; The set of all sub-capabilities contained in main capability A;.

A The set of all main capabilities participating in the total score calculation (excluding the threshold
manm capability).

Ag Threshold capability, specifically refers to “Values & Safety”.

T The minimum passing threshold for the threshold capability.

7.3 Information on Models Tested

Our selection of 30 models for evaluation was guided by three key principles (see Table 4):

¢ Geographic and Technical Diversity: To include models from both domestic and international
sources representing different technical routes and cultural backgrounds.

* Varied Development Paradigms: To compare the Capability differences between closed- and
open-source models.

* Scale Validation: To select models with different parameter scales from the same family (e.g.,
Doubao, Qwen, GPT series) for validating the effectiveness of Scaling Laws in the emotional
companionship domain.

Table 4: Basic Information of Models Tested

Model Name Institution Type Parameters

Doubao Series

doubao-seed-1-6-flash-250615 ByteDance Closed-source 10B (Estimated)
gggg?g-l.5-pro-32k-character- ByteDance Closed-source 50-60B (Estimated)
doubao-pro-32k-241215 ByteDance Closed-source 66.5B-130B (Estimated)
OpenAl Series

gpt-4o-mini OpenAl Closed-source 8B (Estimated)
gpt-5-nano-2025-08-07 OpenAl Closed-source 20B (Estimated)
gpt-5-mini-2025-08-07 OpenAl Closed-source 50B (Estimated)

gpt-4-turbo OpenAl Closed-source 1.8T (Total MoE Parameters)
gpt-4o OpenAl Closed-source 1.8T (Total MoE Parameters)
gpt-4.1-2025-04-14 OpenAl Closed-source 1.8T (Total MoE Parameters)
gpt-5-2025-08-07 OpenAl Closed-source 1.8T (Total MoE Parameters)

Alibaba (Qwen) Series

qwen3-0.6b
qwen3-14b
qwen3-32b
qwen-long

gwen-plus

gwen-max

Alibaba Tongyi Qianwen Team
Alibaba Tongyi Qianwen Team
Alibaba Tongyi Qianwen Team
Alibaba Tongyi Qianwen Team

Alibaba Tongyi Qianwen Team

Alibaba Tongyi Qianwen Team

Open-source
Open-source
Open-source
Open-source

Closed-source

Closed-source

0.6B

14B

32B

32B

Hundreds of Billions (Esti-
mated)

Hundreds of Billions (Esti-
mated)

Baichuan Series
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Table 4: Basic Information of Models Tested

Model Name

Institution

Type

Parameters

Baichuan2-turbo
Baichuand-Air

Baichuan Inc.

Baichuan Inc.

Closed-source

Closed-source

100B (Estimated)
400B/170B (Total/Activated Pa-
rameters, Estimated)

DeepSeek Series

671B/37B (Total/Activated Pa-

deepseek-v3.1 DeepSeek Open-source rameters)

Anthropic Series

claude-3-sonnet-20240229 Anthropic Closed-source 70B (Estimated)

claude-opus-4-20250514 Anthropic Closed-source 1.2T (Estimated)

Google Series

gemini-1.5-flash-002 Google Closed-source 500B (Estimated)

gemini-2.0-flash Google Closed-source 1.2T (Estimated)

Meta (LLaMA) Series

llama-4-scout Meta Open-source 109B/17B (Total/Activated Pa-
rameters)

llama-4-maverick Meta Open-source 400B/170B (Total/Activated Pa-
rameters)

Zhipu Al (GLM) Series

glm-4-9b Zhipu Al Open-source 9B

glm-4-flash Zhipu Al Closed-source 100B (Estimated)

glm-4v-plus Zhipu Al Closed-source 200B (Estimated)

Baidu (ERNIE) Series

ernie-4.5-21b-a3b Baidu Closed-source 21B

ABAB Series

abab6.5t-chat MiniMax Closed-source 1T

7.4 Overall Leaderboard of Evaluation Results

The final evaluation rankings are presented in Table 5, where, for each Capability, the highest score (and
those within 1 point) is marked in bold and underlined, while the lowest score (and those within 1 point)

is marked in red.

Table 5: Overall Leaderboard of Model Emotional Companionship Capability

Rank Model Name Overall Foundational Emotional Companionship  Values &
Score Capability Capability Capability Safety
gpt-5-mini-
1 2025-08-07 70.09 81.98 68.90 59.79 92.53
doubao-pro-
2 3k241215 69.44 80.21 68.02 60.59 96.33
3 gpt—5—(2)(7)25—08— 69.34 83.00 67.71 57.87 90.70
4 gpt-4o 69.09 78.07 71.19 57.31 92.02
5 gt 12025 68.57 79.68 6630 60.47 92.48
6 qwen3-32b 68.40 76.38 69.39 59.11 95.50
7 qwen-long 68.32 78.12 68.37 58.44 90.42
8 deepseek-v3.1 68.26 78.20 67.08 59.90 95.77
doubao-1.5-
9 pro-32k- 68.25 79.22 68.11 57.45 90.97
character-
250715
10 gwen-max 68.07 79.65 66.33 58.15 92.60
gpt-5-nano-
11 2025-08-07 67.89 79.50 67.60 56.66 89.62
g doubao-seed-1- 67.85 76.93 68.54 57.86 91.43

6-flash-250615
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gemini-2.0-

13 Aash 67.31 76.42 64.80 61.56 90.52

14 Baichuan4-Air 67.22 73.81 70.16 56.72 82.60

15 Bachuanz- 66.98 7437 7035 55.10 82.62

16 llama-4-scout 66.78 74.26 66.92 59.11 95.68
claude-3-

17 sonnet- 66.45 79.01 68.12 51.66 83.08
20240229

18 lama-4- 6631 74.35 66.67 57.78 93.53
maverick

19 gpt-4-turbo 66.10 76.68 66.15 55.45 92.47

claude-opus-4-

20 20250514 65.67 76.67 69.60 49.42 70.82

21 qwen3-14b 65.43 74.54 64.61 57.42 90.15

22 glm-4-9b 65.23 70.18 65.02 60.56 80.68

23 glm-4v-plus 64.25 72.58 63.97 56.30 83.12

24 gpt-4o-mini 64.16 73.72 66.18 51.92 87.58

25 gwen-plus 63.65 78.48 67.31 4397 89.42

26 SRl 63.57 7237 61.67 5731 85.23

27 glm-4-flash 63.13 69.56 62.84 57.10 80.47

gemini-1.5-
28 Aash-002 62.95 73.05 63.12 52.63 91.00
* Note: Models are not included in the final ranking for their threshold capability score was below 60.

gqwen3-0.6b
abab6.5t-chat

47.40
37.53

49.20
4£2.77

46.83
36.36

46.36
33.85

40.83
51.93

7.5 Overview of ECDBench 1.0

Table 6 provides a detailed list of the low, medium, and high-level evaluation tasks corresponding to each
sub-capability, from Threshold to Core Capabilities, and specifies the datasets and evaluation methods

used for each task.

Table 6: Overview of ECDBench 1.0 Tasks, Datasets, and Evaluation Methods

Capability o Task . Evaluation . Question
Dimension Sub-capability Difficulty Evaluation Task Dataset Method Metrics Type
CrowS-Pairs ~ Benchmark  Accuracy MCQ
Low Bias Detection Language
Values StereoSet Model
(Nadeem Benchmark  Score, MCQ
Values & Safety et al., 2021) Bias
Score
BBQ (Parrish Accuracy,
etal., 2022) Benchmark  Bias MCQ
Score
SafetyBench7
- Unfairness
and Bias Benchmark  Accuracy MCQ
(Zhang et al.,
2023)
SafetyBenchl
- Ethics and
Medium Morality Detection Morality Benchmark  Accuracy MCQ
(Zhang et al.,
2023)
SafetyBench3-
Low Content Safety Offensiveness(ZhBegchmark ~ Accuracy MCQ
et al., 2023)
Safety
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Capability
Dimension

Capability Name

Task
Difficulty

Task

Evaluation

Dataset Method

Maetrics

Question

Type

Medium

Information Security

SafetyBench4
- Privacy and
Property
(Zhang et al.,
2023)

Benchmark

Accuracy

MCQ

User Safety

SafetyBench2
- Mental
Health
(Zhang et al.,
2023)

Benchmark

Accuracy

MCQ

SafetyBench6
- Physical
Health
(Zhang et al.,
2023)

Benchmark

Accuracy

MCQ

High-Risk Harmful
Behavior

SafetyBench5
- Illegal
Activities
(Zhang et al.,
2023)

Benchmark

Accuracy

MCQ

Low

Natural Language Understanding

Text Classification

AG News
(Zhang et al.,
2015)

Benchmark

Accuracy

MCQ

THUCNews(Sun

etal., 2016) Benchmark

Accuracy

MCQ

Text Matching

LCQMC(Liu

etal., 2018) Benchmark

Accuracy

MCQ

QQP (Iyer

etal,2017)  DBenchmark

Accuracy

MCQ

Medium

Foundational Capability

Reading
Comprehension
(Extractive)

CMRC(Cui

etal., 2019) Benchmark

Rouge

Open-
ended

Word Sense
Disambiguation

WiC(Pilehvar
and
Camacho-
Collados,
2019)

Benchmark

Accuracy

MCQ

High

Reading Comprehension

MultiRC
(Khashabi
et al., 2018)

Benchmark

F1/EM

Multiple
Answer

ReCoRD(Zhang
et al., 2018b) Benchmark

F1/EM

Multiple
Answer

Low

Natural Language Reasoning

Textual Entailment

OCNLI (Xu

etal, 2020q) Benchmark

Accuracy

MCQ

MNLI
(Williams
et al., 2018)

Benchmark

Accuracy

MCQ

RTE (Dagan

et al., 2005) Benchmark

Accuracy

MCQ

Simple Causal
Reasoning

COPA
(Roemmele
etal., 2011)

Benchmark

Accuracy

MCQ

Medium

Coreference
Resolution &
Commonsense

Reasoning

WSC
(Levesque
etal., 2012)

Benchmark

Accuracy

MCQ

Multi-turn Dialogue
Reasoning

MuTual (Cui

et al., 2020) Benchmark

Accuracy

MCQ
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Capability e Task Evaluation . Question
Dimension Capability Name Difficulty Task Dataset Method Metrics Type
. . Recall
High Flrsltz-gsienri;; s Eto aLl I%I;I;I)I Benchmark @ K, MCQ
” MRR
Complex Logical LogiQA (Liu
Reasoning et al., 2020) Benchmark  Accuracy MCQ
Completeness,
LTS o s One
Natural Language Generatidiow Summarization v e tcA ’
(Wang et al., Model P
2022) ness, ended
etc.
Completeness,
VCSum (Liu concise- Open-
et al., 2023b) Model ness, ended
etc.
Daily Scenario Q&A Hellaswag(zene]ﬁenchmark Accuracy MCQ
L etal., 2019)
oW
Cosmos QA
Commonsense Q&A  (Huangetal., Benchmark Accuracy MCQ
Commonsense Capability 2019)
Physical PIQA(Bisk
Commonsense et al., 2020) Benchmark  Accuracy  MCQ
. AGIEval MCQ &
Human Cogm_t ron & (Zhong et al., Benchmark  Accuracy  Open-
Exam Capabilities
. 2023) ended
Medium
MMLU-pro
Multi-task Knowledge Q&LC I%I; Z; al., Benchmark Accuracy MCQ
C-
MNLU(YAO Benchmark Accuracy MCQ
et al., 2023)
C-Eval
(Huang et al., Benchmark  Accuracy MCQ
2023c)
BLEURT, Single
High Truthfulness Q&A Truthful QA v1(IBerthina2k22bROUGE, &
BLEU MCQ
Ii\fle él(\)/lla{a)s Benchmark  Accuracy MCQ
Low Sentiment Polarity Recogmtaidh
SST-2
(Socher etal.,, Benchmark Accuracy MCQ
Emotion Recognition 2013)
Dianping
Dataset Benchmark  Accuracy MCQ
Coarse-grained
Emotional Capability . Emotion Recognition ECDBenchl  Benchmark  Accuracy MCQ
Medium
SemEval-
. 2018 Task
Irony Detection 3(Van Hee Benchmark  F1 MCQ
et al., 2018)
. VUA20(Leong
Metaphor Detection et al., 2020) Benchmark Fl MCQ
GoEmotions
(Demszky Benchmark F1 MCQ
High Fine-grained Emotion Reectoa}gl,ﬁi%%%()b)
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Capability o Task Evaluation . Question
Dimension Capability Name Difficulty Task Dataset Method Metrics Type
CPED (Chen
etal., 2022) Benchmark  Accuracy MCQ
EDOS(Anuradha
etal., 2021) Benchmark  Accuracy MCQ
Emotion Recognition .
. EmoBench1(Li
in ComPlex et al.. 2024b) Benchmark  Accuracy MCQ
Scenarios
' . Low Emotion Cause Analysis ECDBench2  Benchmark  Accuracy MCQ
Emotion Understanding .
EmoBench2(Li Benchmark  Accur MCQ
etal, 2024p) ~oenenma ceuracy
SemEval-
. Emotion Intensity 2018 Task 1
Medium Understanding (Mohammad Benchmark  Accuracy MCQ
et al., 2018)
Emotion . Emotion Strategy
Management High Selection ECDBench3  Benchmark  Accuracy MCQ
. . . EmoBench3(Li
Empathetic Response Medium Empathetic Expression et al., 2024b) Benchmark  Accuracy MCQ
. Contextual
High Empathetic Response ECDBench4  Benchmark  Accuracy MCQ
EQ-60
Empathy
Low EQ Test Quotient Benchmark  Score MCQ
Comprehensive Emotional Intelligence Scale
IRI 30-item
EQ Question- Benchmark  Score MCQ
naire
Interpersonal Interpersonal
Medium ~TPeTs Relationship ~ Benchmark  Score MCQ
Relationship Test
Test
Effective Effective
High L. Communica- Benchmark  Score MCQ
Communication Test .
tion Test
Dearee of PersonaFeedback
Low Persorglalization (Tao et al., Model Accuracy MCQ
Memory & Personalization 2024)
Companionship Capability Seatence Order Book-SORT
Medium q (Levyetal., Benchmark Accuracy MCQ
Recall
2024)
Long-term LongMemEval Open-
High & (Chengetal., Benchmark Recall@K P
Conversation Recall 2024) ended

*In the Evaluation Method column: Benchmark = Benchmark-based, Model = Model-based.
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