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Abstract
Emotional Quotient (EQ) has emerged as a
competency for seamless human-AI integra-
tion. However, since traditional EQ scales fo-
cus on self-healing, directly migrating them to
Large Language Models (LLMs) often leads
to ignorance of healing others. While EQ met-
rics specifically designed for LLMs have been
proposed, they remain mired in two dilemmas:
dimensional deficiency and fragmented testing.
Hence, this paper establishes a Quad-in-One
architecture for a closed-loop EQ evaluation.
First, we propose the PACE Taxonomy to de-
fine four dimensions of LLM EQ. Upon this,
the Causal-PACE framework is developed to
eliminate causal confounding bias triggered by
the interactions among EQ dimensions, ensur-
ing a rigorous quantification of composite EQ
scores. To operationalize this framework, we
implement the PACE-AB, a mutil-agent EQ
evaluation board system. Finally, we curate
the PACE-2700 dataset, featuring 2,700 high-
quality instructions, to serve as a comprehen-
sive benchmark for large-scale validation. Ex-
perimental results demonstrate that the EQ val-
ues derived via the Causal-PACE achieve a high
alignment of 89.31% with human preferences,
while the automated PACE-AB system main-
tains a robust consistency of 83.6%. Our data
is publicly available at https://anonymous.
4open.science/r/PACE-2700-8E52.

Life is not a race to be won, but a pace to be
found.

1 Introduction

The pursuit of AI is shifting from rational logic to-
ward emotional sentience, where EQ has emerged
as a core competency for seamless human-AI inte-
gration (Picard, 2000; Zhou et al., 2018; Rashkin
et al., 2019). However, classic EQ scales (Mayer
et al., 2002), which emphasize biological self-
healing, exhibit adaptive failure when applied to
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silicon-based AI models. For LLMs, the focus of
EQ has reoriented from internal emotional regula-
tion to external emotional intervention—a transi-
tion from self-healing to healing others (Liu et al.,
2021; Tu et al., 2022). Migrating traditional scales
to LLMs would cause target misalignment, leading
to the neglect of healing others.

Therefore, EQ metrics specifically for LLMs
have been proposed (Sabour et al., 2024; Wang
et al., 2023; Paech, 2023; Pyreddy and Zaman,
2025; Zhang et al., 2025; Zhao et al., 2024; Chen
et al., 2024; Liu et al., 2025, 2024; Dalal et al.,
2025; Schlegel et al., 2025), yet remain mired in
two dilemmas: 1) Dimensional deficiency: priori-
tizing emotion diagnosis (label identification) while
overlooking emotional restoration (guiding users
out of anxiety toward emotional balance); 2) Frag-
mented testing: conducting scattered, decoupled
tests on EQ dimensions, thereby neglecting cross-
dimensional synergy and failing to yield compre-
hensive criteria, which limits decision-making for
downstream application developers.

To address the dimensional deficiency, we pro-
pose the PACE Taxonomy (P—Perceptive Insight,
A—Adaptive Attunement, C—Constructive Convic-
tion, and E—Empathic Guidance). The philosophy
of PACE centers on dual rhythmic resonance: an
LLM should not merely mirror negative emotions,
but anchor its empathy in its own PACE to preserve
independence and avoid emotional contagion. It
then adopts a reshaped rhythm to guide the user
back to balance at their own PACE once anxiety is
soothed. Thus, a paradigm shift from emotional di-
agnosis to active emotional restoration is achieved.

To resolve fragmented testing, we introduce the
Causal-PACE Framework, aimed at constructing
a comprehensive EQ metric from the perspective
of causal inference. This task requires addressing
the complex confounding effects triggered by the
interactions among EQ dimensions. Accordingly,
we utilize counterfactual intervention to decouple

12811

https://anonymous.4open.science/r/PACE-2700-8E52
https://anonymous.4open.science/r/PACE-2700-8E52


P
Perceptive Insight

A
Adaptive Attunement

C
Constructive Conviction

E
Empathic Guidance

I. PACE Taxonomy 

II. Causal-PACE Framework

III. PACE-2700 Dataset IV. PACE-AB System

Perceptive 
Analyst

Chief Arbitrator

LLMs
Under test

test 

input

response

C
ausally-C

alibrated E
Q

 Score

Causal Effects Weights 

Counterfactual 

Intervention

Overall assessment of 
LLM EQ

Attunement 
Auditor

Conviction 
Guardian

Guidance 
Strategist

Invokes Causal-PACE

Emotional Venting & Self-Doubt

Interpersonal Conflict & Retaliation

Work & Academic Challenges

Seeking Advice & Solutions

Personal Diary & Reflections

	𝐏

𝐄𝐐

𝐀

𝐂𝐄

	𝐏

𝐄𝐐

𝐀

𝐂𝐄 P

A

C

E

Score Score

underpins

	𝐏

𝐄𝐐
𝐀

𝐂
𝐄

Aggregation

Figure 1: The overall architecture of our proposed approach for LLM EQ evaluation.

these interactions, correcting the confounding bias
found in traditional correlation analysis to accu-
rately quantify the causal effects of each dimen-
sion on the overall EQ. This causally-weighted EQ
evaluation paradigm not only measures what the
model says but also reveals why it responds that
way, thereby quantifying the causally-calibrated
emotional resonance between LLMs and the hu-
man mind at a mathematical level for the first time.

As a concrete implementation of the Causal-
PACE framework, we develop a multi-agent EQ
evaluation board system (PACE-AB). The system
assigns the four assessment dimensions—P, A, C,
and E—to expert-level agents for parallel evalua-
tion, and further introduces a chief arbitrator agent
that invokes the Causal-PACE algorithm to produce
a causally calibrated, aggregated EQ score.

For the empirical testing of LLM EQ, this pa-
per constructs and open-sources PACE-2700, a
large-scale Chinese-English bilingual dataset. The
dataset contains 2,700 high-quality instructions
covering 5 categories of high-frequency emotional
social scenarios, with the following features:

a) Empirical alignment evaluation: By estab-
lishing an LLM EQ Arena, we introduce a double-
blind comparison mechanism and dual empirical

labeling to effectively eliminate model bias and
unify scoring scales. The dataset accumulates au-
thentic PACE dimensional annotations and human
preference labels, serving as a critical underlying
resource for EQ-oriented alignment training, such
as Reinforcement Learning from Human Feedback
(RLHF) or Direct Preference Optimization (DPO).

b) Pioneering “EQ Trigger Protocol”: Each
sample is structured to integrate implicit emotional
cues, contextual constraints, boundary pressure
points, and strategic guidance exits, achieving an
end-to-end, causally-driven evaluation from emo-
tional diagnosis to emotional restoration.

c) Open-ended narrative restoring pragmatic
authenticity: By employing first-person, de-
templated, and colloquial narratives, the dataset
circumvents the position bias inherent in traditional
objective evaluations (Pezeshkpour and Hruschka,
2024). Through restoring the pragmatic ambigu-
ity of non-structured contexts, PACE-2700 deeply
stress-tests the model’s original emotional guid-
ance capabilities, ensuring both academic rigor and
human-computer interaction safety.

As illustrated in Figure 1, we established a
Quad-in-One architecture for LLM EQ evaluation:
a PACE Taxonomy, a Causal-PACE Framework,
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a PACE-AB system, and a PACE-2700 Dataset.
These four pillars ensure that AI becomes both
powerful and peaceful. Our experiment demon-
strates that the Causal-PACE achieves a remark-
able 89.31% alignment with human preferences,
maintaining a robust 83.6% consistency even in
automated multi-agent environments. Key findings
include:

(1) Perceptive Insight (P) is the primary driver,
complemented by Empathic Guidance (E) and Con-
structive Conviction (C) in remediation, whereas
Adaptive Attunement (A) contributes minimally.

(2) LLMs exhibit differentiated strengths in
PACE: Gemini-2.5 Pro leads in Perceptive Insight
(P) and Adaptive Attunement (A), while Claude
Sonnet 4.5 excels in Constructive Conviction (C)
and Empathic Guidance (E); most models struggle
to lead across all PACE dimensions simultaneously.

(3) The comprehensive EQ value reveals a
clear echelon distribution among the major LLMs.
While Gemini 2.5 Pro, Gemini 3 Pro Preview, and
Claude Opus 4.5 define the top-tier performance,
models such as OpenAI o3 through GPT-4o mini
populate the subsequent tiers.

(4) High IQ does not imply high EQ. For in-
stance, Grok 4 ranks 2nd in IQ but only 7th in EQ,
while the Claude 4.5 series ranks 1st in EQ but sits
mid-table in IQ. Conversely, GPT-5.2 (EQ 4th / IQ
3rd) and Gemini-3-Pro-Preview (IQ 1st / EQ 3rd)
show more general-purpose configurations.

2 PACE Taxonomy

Traditionally, EQ encompasses two dimen-
sions: inward-facing self-emotional regulation
and outward-facing interpersonal emotional inter-
action (Goleman, 1998; Bar-On, 1997). Since
LLMs lack subjective emotions, their EQ is entirely
stripped of the traditional self-regulatory attribute,
manifesting instead as a purely outward-oriented
characteristic. In practice, EQ of an LLM is de-
fined by its ability to precisely align with human
emotional needs through the dual functions of emo-
tional diagnosis and restoration. Specifically, high-
EQ performance in LLMs is not only the ability to
penetrate textual surfaces to diagnose a user’s com-
plex affective states, but also the capacity to steer
user emotions toward a positive trajectory (Deng
et al., 2023). This purely external interactive at-
tribute dictates that LLM EQ assessment cannot
simply adopt traditional psychological frameworks.
Instead, a specialized evaluation system must be

constructed, grounded in the unique dynamics of
human-computer interaction.

To this end, we propose that the EQ of
LLMs is comprised of four core dimensions
(PACE): Perceptive Insight, Adaptive Attunement,
Constructive Conviction, and Empathic Guidance.
Specifically, Perceptive Insight serves as the foun-
dation for emotional diagnosis, while Adaptive At-
tunement acts as the bridge linking diagnosis to
restoration. Constructive Conviction and Empathic
Guidance focus on the directionality and efficacy
of emotional restoration. Together, these dimen-
sions constitute a holistic system for assessing EQ
performance in LLMs. The specific definitions of
the PACE dimensions are as follows: (1) Percep-
tive Insight: This dimension serves as the basis for
emotion diagnosis in order to assess whether the
model can circumvent literal interpretation bias due
to over-reliance on explicit sentiment keywords. (2)
Adaptive Attunement: This dimension evaluates
the model’s ability to flexibly modulate its emo-
tional intensity based on the social distance of the
dialogue and the gravity of the topic. (3) Con-
structive Conviction: This dimension assesses the
model’s ability to maintain objective independence
while empathizing with the user. (4) Empathic
Guidance: This dimension measures the model’s
capacity to proactively influence the user’s emo-
tional state through scientific dialogue strategies.

To illustrate EQ-driven behavioral variances and
operationalize our criteria, Figure 14 provides a
comparative analysis across PACE dimensions.

3 Evaluation of EQ for LLMs

3.1 Causal-PACE Framework

As discussed in the previous section, the LLM EQ
performance is jointly determined by four PACE
dimensions. The core issue lies in the failure to
clarify the true causal relationships between each
dimension and EQ performance: the confounding
among these dimensions leads to bias in EQ as-
sessment, making it difficult to accurately quantify
the independent effects of individual dimension.
Consequently, it remains challenging to establish a
scientific and reliable LLM EQ evaluation system.

To clarify the true mechanism of each PACE
dimension on the EQ performance of LLMs, we
propose the Causal-PACE Framework. This frame-
work aims to construct a comprehensive EQ metric
from the perspective of causal inference, resolv-
ing the complex confounding effects arising from
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inter-dimensional interactions.
The bedrock of the Causal-PACE Framework

lies in decoupling the interactions between PACE
dimensions through counterfactual interventions
to achieve unbiased evaluation of LLM EQ perfor-
mance. First, Directed Acyclic Graphs (DAGs) are
employed to characterize researchers’ prior knowl-
edge in the field of LLM EQ, constructing an LLM
EQ causal graph. This graph clearly presents the
initial associations between PACE dimensions and
EQ performance (Y ). Based on the graph, for each
PACE dimension X ∈ {P,A,C,E}, we identify
other dimensions that may simultaneously affect
both X and Y , thereby inducing confounding bias.
Subsequently, we conduct counterfactual interven-
tion analysis based on mathematical derivation for
the identified confounding sets. Through orthogo-
nalization of multi-source confounding dimensions,
we deduce unbiased results of the causal effects be-
tween each PACE dimension and EQ performance.
Ultimately, this enables accurate measurement of
the influence weights of each dimension, underpin-
ning the scientific evaluation of LLM EQ.

As illustrated in Figure 2, Y is jointly influenced
by all PACE dimensions. However, the specific in-
fluence paths and intensities of each dimension on
EQ performance remain unclear, and the confound-
ing relationships among these dimensions lead to
bias in LLM EQ evaluation.

First, P acts as a confounder that simultaneously
affects the effectiveness of A, C, and E on EQ per-
formance. Based on P , the model can achieve the
communication goals of appropriate response tone,
objective independent stance, and effective emo-
tional guidance (Salovey and Mayer, 1990; Perez
et al., 2023; Gross, 1998). Therefore, in Figure 2,
P not only has a directed edge pointing to Y but
also has edges pointing to A, C, and E. This indi-
cates that the model’s perceptive ability not only
affects the evaluation of LLM EQ but also con-
founds other three dimensions on EQ performance,
ultimately leading to misjudgment of the LLM EQ.

Furthermore, A and C also function as con-
founders, influencing the effectiveness of E on
EQ performance. The context-aligned expression
represented by A can lay a solid foundation for
guiding the user’s emotions (Wampold and Imel,
2015; Bickmore and Picard, 2005). C demands
the model to be supported by an objective stance,
which avoids conveying wrong information in or-
der to cater to users’ emotions, thus achieving more
effective emotion guidance (E) (HOVLAND and
WEISS, 1951). Therefore, in Figure 2, both A and
C not only have directed edges pointing to Y but
also separate edges pointing to E. This indicates
that the model’s capabilities in Adaptive Attune-
ment and Constructive Conviction not only directly
impact EQ evaluation results but also confound the
effect of Empathic Guidance on EQ performance,
further exacerbating the bias in EQ assessment.

We define the confounding set AX for an PACE
dimension X as the collection of other PACE di-
mensions that function as confounders, exerting
simultaneous effects on both X and EQ perfor-
mance Y . The confounding set AX for each PACE
dimension X is summarized in Table 3.

To eliminate EQ assessment bias, an intuitive
approach is to analyze the differential effects of a
single PACE dimension on EQ performance under
intervened and non-intervened conditions. How-
ever, artificially manipulating a single PACE di-
mension through purely experimental methods is
time-consuming and labor-intensive. Therefore,
quasi-experimental methods represented by the
SCM(Pearl and Mackenzie, 2018) have emerged as
a more optimal solution for addressing bias. SCM
can predict intervention effects from existing ob-
servational data, effectively eliminating EQ assess-
ment bias caused by confounding. We introduce
Theorem 3.1, which presents a method for obtain-
ing the unbiased effects of each PACE dimension
X on LLM EQ performance Y by intervening on
the confounding set AX .

Theorem 3.1. For any PACE dimension X , let AX

denote its corresponding confounding set, and AX

represent specific values of each element within
AX . Then, the direct causal effect of dimension X
on LLM EQ performance Y satisfies:

P (Y | do(X)) =
∑

AX∈AX

P (Y | X,AX = AX)P(AX = AX).

12814



The full proof can be found in Section C.3. As
shown in Section C.2, we obtain the causal effects
of each PACE dimension on Y . Based on these as-
sessment results and combined with actual dialogue
data of LLMs, we construct the quantitative eval-
uation metric. First, we measure the importance
of each PACE dimension on the impact of LLM
EQ. Inspired by effective information(Comolatti
and Hoel, 2022), we present Definition 3.1.

Definition 3.1. For each dimension X , EQ dimen-
sion Influence W (X) is the intensity of its impact
on LLM EQ performance Y . The calculation for-
mula is as follows:

W (X) =
∑

x∈X
P(do(X = x))

∑

y∈Y
P(Y = y|do(X = x))

× ln

(
P(Y = y|do(X = x))

P(Y = y|UX)

)
,

where P(Y = y|UX) denotes the global refer-
ence probability. We have P(Y = y|UX) =∑

x∈X P(do(X = x))P(Y = y|do(X = x)), in
which P(do(X = x)) = 1

|X| .

Specifically, W (X) quantifies the signif-
icance of X’s impact on EQ performance
by measuring the difference between the
EQ performance distribution under inter-
vention and the global baseline distribution.∑

x∈X P(do(X = x)) integrates the contribution
of each state through weighted intervention
probabilities.

∑
y∈Y P(Y = y|do(X = x)) ×

ln
(
P(Y=y|do(X=x))

P(Y=y|UX)

)
captures the distribution

difference under a single intervention state x,
where ln

(
P(Y=y|do(X=x))

P(Y=y|UX)

)
quantifies the devia-

tion of the model’s EQ performance y from the
global baseline distribution under this state. After
weighted summation with P(Y = y|do(X = x)),
this term accurately captures the overall perturba-
tion amplitude of the intervention state on the EQ
performance distribution.

In this way, a larger W (X) indicates a more
prominent regulatory role of dimension X on LLM
EQ performance, corresponding to a higher propor-
tion of influence in comprehensive EQ assessment.
Building upon this, we propose Definition 3.2 to en-
able quantitative assessment of the comprehensive
LLM EQ.

Definition 3.2. LLM EQ is the normalized

weighted sum of EQ Dimension Influences and cor-
responding performance scores. We have:

LLM EQ =
∑

X∈{P,A,C,E}
W̄ (X)× Score(X),

where W̄ (X) = W (X)∑
Xt∈{P,A,C,E} W (Xt)

.

Here, Score(X) ∈ [0, 10] represents the perfor-
mance score of PACE dimension X , which is com-
prehensively determined based on actual LLM dia-
logue data through human annotation or automated
evaluation tools. W̄ (X) denotes the normalized re-
sult of the EQ Dimension Influence, ensuring a ra-
tional proportional distribution of influence weights
across all dimensions. The resulting LLM EQ falls
within the range [0, 10], where a higher value indi-
cates superior EQ performance of the LLM. This
definition integrates both the influence intensity
and actual performance of each dimension, achiev-
ing a scientific quantitative assessment of LLM EQ
and solve the problem of confounding bias inherent
in traditional correlation analysis.

3.2 Multi-Agent EQ Evaluation Board System

To achieve automated LLM EQ assessment, we de-
velop a Multi-Agent EQ Evaluation Board system
(PACE-AB), which comprises 4 reviewing agents:
the Perceptive Analyst (PA), the Attunement Audi-
tor (AA), the Conviction Guardian (CG), and the
Guidance Strategist (GS), which conduct in-depth
evaluations of PACE dimensions. Finally, a Chief
Arbitrator (CA) employs the Causal-PACE to per-
form causal decoupling and weight synthesis on
the feedback from each reviewing agents.

Specifically, four reviewing agents have clearly
defined responsibilities: (1) PA focuses on the as-
sessment of emotional recognition and insight ca-
pabilities. (2) AA is responsible for evaluating
the model’s adaptive ability to dynamically adjust
the emotional intensity of its responses based on
dialogue scenarios. (3) CG dedicates to judging
the model’s capacity to uphold principles of objec-
tivity and independence while fully empathizing
with user emotions. (4) GS primarily measures the
model’s ability to positively guide user emotions.

The selection procedures of reviewing agents
adopt an LLM Arena-style (Chiang et al., 2024)
competitive mechanism. The reviewing agent se-
lection procedure can be found in Section C.5.
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Figure 3: Distribution of Model Performance Across the Four PACE Dimensions.

4 PACE-2700 Dataset

Developing a foundational resource capable of sup-
porting the full emotional diagnosis-to-restoration
chain remains a core challenge. Existing EQ bench-
marks exhibit significant limitations: 1) Interac-
tion collapse and robustness defects. Existing
works (Sabour et al., 2024; Poria et al., 2019) pre-
dominantly rely on objectified tasks like Multiple
Choice Questions (MCQs). This reduces complex
emotional dynamics to static option matching and
suffers from positional bias, leading to performance
fluctuations between 13% and 85% (Pezeshkpour
and Hruschka, 2024). 2) Target generalization and
misalignment. Current benchmarks (Zhao et al.,
2024) often depend on Natural Language Under-
standing tasks, measuring generic logical reasoning
rather than the specialized EQ competencies re-
quired for managing complex emotional conflicts.

To address these gaps, we construct and
open-source PACE-2700, a large-scale bilingual
(Chinese-English) empirical dataset. As shown
in Table 4, it comprises 2,700 high-quality user
queries across five high-frequency emotional so-
cial scenarios (approx. 540 per category), con-
structed as follows: (1) Double-blind comparison
mechanism. Inspired by (Chiang et al., 2024), we
established an LLMs EQ Arena. The system ran-
domly selects two anonymous models to respond to

queries, utilizing side-by-side comparison to elim-
inate model identity bias and scoring scale incon-
sistencies. (2) Dual empirical annotation. Evalu-
ators perform two key annotations, namely PACE
dimension compliance and overall preference.

To activate PACE capabilities, we implemented
the EQ Trigger Protocol. This protocol mandates
that every test query structurally integrates ele-
ments to support the complete interaction chain:
(1) Implicit Emotional Cues (P): embedding sub-
textual emotional signals to test emotional diagno-
sis; (2) Contextual Constraints (A): defining social
distance and background to constrain response and
tone intensity; (3) Boundary Pressure Points (C):
using induced requests or ethical conflicts to test
the model’s ability to maintain a principled stance;
(4) Strategic Guidance Outlets (E): providing clear
avenues for help-seeking to evaluate the model’s
efficacy as an emotional restorer.

Taking the workplace dilemma in Table 4 as
an instance: The user complains about newcom-
ers being ostracized (triggering Perceptive Insight).
Amidst anger, they imply that the workplace is
cruel (requiring Adaptive Attunement for a tone
that is professional yet empathetic). Simultane-
ously, the text implies a latent retaliatory mindset
against injustice (triggering Constructive Convic-
tion regarding boundaries). Finally, the ultimate ap-
peal is for a resolution (triggering Empathic Guid-
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ance). This design ensures that each sample facili-
tates a unified, multi-dimensional evaluation, rather
than merely covering a single sub-competency.

To ensure the dataset’s pragmatic authenticity
and high-quality standards, we implemented the
following construction protocols: (1) pragmatic
authenticity and interaction pressure, by adopting
first-person, colloquial, open-ended narratives to
replicate the pragmatic ambiguity of real interac-
tions, testing original emotional guidance in un-
structured contexts; (2) expert manual construction,
where core queries were manually de-templatized
by researchers with relevant backgrounds to avoid
the monotonicity of machine-synthesized corpora;
(3) rigorous quality review, implementing the
Four-Dimensional EQ Trigger Protocol and ethical
screenings to ensure compliance.

5 Performance Evaluations

The experimental setup is detailed in Section B.1.

5.1 Evaluation of the PACE Taxonomy

Figure 3 illustrates that LLMs exhibit differenti-
ated strengths in PACE: Gemini 2.5 Pro excels in
perceptive and adaptive EQ capabilities, whereas
Claude Sonnet 4.5 leans toward conviction and
empathic EQ traits. Most models struggle to main-
tain leadership across all dimensions, manifesting a
characteristic of specialization in distinct domains.

As shown in Figure 4, we scored and ranked
16 major LLMs based on the Thurstone-Mosteller
(TM) model (Thurstone, 2017) to evaluate their
comprehensive EQ values and linearly rescale them
to Elo ratings (Elo, 1978) for readability. The de-
tails of TM model can be found in Appendix B.2.
Finally, we calculated Kendall’s τ and Spearman’s
ρ, along with their 95% confidence intervals. The
results, as shown in Figure 5, indicate that as the
number of evaluations increases, both τ and ρ
gradually rise while the confidence intervals con-
verge. This demonstrates that the comprehensive
EQ scores and rankings derived from the TM model
possess a high degree of stability and reliability.

5.2 Evaluation of the Casual-PACE

Based on Definition 3.1 in the Causal-PACE and
the development set in the PACE-2700, we quan-
tified the causal effects (weights) of PACE dimen-
sions on the overall EQ. The weight distribution
reveals a distinct hierarchy dominated by Percep-
tive Insight (0.430), confirming accurate emotional
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Figure 4: Elo Ratings of LLMs.
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decoding as the prerequisite for effective interven-
tion. Notably, Empathic Guidance (0.206) and
Constructive Conviction (0.202) outweigh Adap-
tive Attunement (0.161), suggesting that beyond
perception, high EQ is driven by strategic capabil-
ities—specifically, constructive emotional reshap-
ing and principled boundary maintenance—rather
than mere stylistic tone adaptation.

Furthermore, we calculated the LLM EQ values
on the PACE-2700 test set based on Definition 3.2
and compared them with human annotations. Si-
multaneously, we conducted an ablation study us-
ing four one-hot baseline weight configurations
(where one dimension is set to 1 and others to 0).
To ensure robustness, we performed Bootstrapping
with 2,000 random iterations (20% sampling rate).
The comparative results for accuracy and consis-
tency are visualized in Figure 6, demonstrating that
the Causal-PACE outperforms all baselines.

From Figure 7, the LLM EQ ranking calcu-
lated by the Casual-PACE framework shows an
extremely high correlation with the manual bat-
tle ranking (Spearman’s ρ = 0.95, Kendall’s τ =
0.83), further confirming that the casual weights
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can accurately reflect the true emotional intelli-
gence level from a human perspective.

5.3 Evaluation of the PACE-AB
As shown in Figure 8, by repeating evaluations 5
times on a 20% subsample under varying tempera-
tures, Krippendorff’s α analysis demonstrates high
overall stability, demonstrating the introduction of
the Chief Arbitrator agent effectively smooths out
stochastic noise in individual dimensions to yield a
robust and consistent comprehensive EQ.

We utilized the proposed PACE-AB multi-agent
evaluator to assess responses in head-to-head com-
petitions between arbitrary model pairs. By deter-
mining the winners of these matchups and bench-
marking them against human judgments alongside
various singular LLMs, our system achieved the
highest performance across all metrics. Specifi-
cally, PACE-AB recorded an 83.6% accuracy (Co-
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Figure 8: Consistency Validation of the PACE-AB.

Evaluator Accuracy κ ρ τ

PACE-AB 83.6% 0.67 0.91 0.73
Gemini 2.5 Pro 74.8% 0.49 0.80 0.58

Claude 4.5 Sonnet 74.2% 0.48 0.73 0.57
GPT 4 78.4% 0.56 0.80 0.60

Deepseek chat 69.8% 0.52 0.74 0.55
GPT 4o 77.0% 0.54 0.43 0.27
Claude 3 76.1% 0.53 0.76 0.55

Table 1: Human-AI Preference Comparison.

hen’s κ=0.67) and high global ranking correlations
(Spearman’s ρ=0.91, Kendall’s ρ=0.73), as shown
in Table 1. These results demonstrate that the multi-
agent architecture utilizing the Causal-PACE frame-
work aligns significantly better with human EQ
preferences than individual baseline models. Fur-
thermore, fine-grained analysis (Figure 9) demon-
strates consistent human alignment across all four
Causal-PACE dimensions.

5.4 LLM EQ vs. IQ

Ablation studies (Table 2) demonstrate that the
complete Multi-Agent EQ Evaluation Board
(PACE-AB) outperforms all sub-configurations in
both accuracy (83.59%) and ranking correlation.
The Chief Arbitrator (CA) provides the most sig-
nificant marginal contribution; its removal leads
to a substantial decline in accuracy to 68.57%,
highlighting its critical role in causal synthesis.
Among the four evaluators, the Perceptive Analyst
(PA) serves as the essential cornerstone, while the
Attunement Auditor (AA), Conviction Guardian
(CG), and Guidance Strategist (GS) provide criti-
cal complementary information, confirming that all
agents are necessary for optimal performance.

As shown in Figure 10, high IQ does not stably
guarantee high EQ, since the LLM EQ values and
their Intelligence Quotient (IQ) values provided by
the Tracking AI (Lott) platform did not exhibit a
strong positive correlation. The correlation calcu-
lated based on scores and rankings yielded a Spear-
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Setting Accuracy κ ρ τ

PACE-AB 83.6% 0.67 0.91 0.73
w/o CA 68.6% 0.37 0.63 0.47
w/o PA 74.6% 0.49 0.76 0.58
w/o AA 75.1% 0.50 0.84 0.72
w/o CG 76.4% 0.53 0.83 0.70
w/o GS 74.7% 0.49 0.84 0.70

Table 2: Ablation Study on the PACE-AB.

Perceptive Insight

Adaptive Attunement

Constructive Conviction

Empathic Guidance

EQ

0.2
0.4

0.6
0.8

1.0

Accuracy Kappa coefficient

Figure 9: 4D Performance of the PACE-AB.

man ρ ≈ 0.28 and Kendall τ ≈ 0.15. This figure
reveals: (1) Asymmetric high-low configuration
(e.g., Grok-4: IQ 2nd vs. EQ 7th), showing strong
reasoning but limited emotional proficiency; (2)
Social specialization (e.g., Claude 4.5 series: EQ
tied for 1st with 89), excelling in social-emotional
tasks despite moderate IQ rankings (4th/5th); and
(3) Balanced dual-dimensional performance (e.g.,
GPT-5.2: EQ 4th, IQ 3rd; Gemini 3 Pro Preview:
IQ 1st, EQ 3rd), maintaining high competitiveness
across both cognitive and emotional benchmarks.

6 Conclusions

This paper constructs a Quad-in-One architec-
ture for LLM EQ evaluation by integrating the
PACE Taxonomy, the Causal-PACE Framework,
the PACE-AB system, and the PACE-2700 dataset.
Our findings demonstrate that the Causal-PACE
achieves a remarkable 89.31% alignment with hu-
man preferences, maintaining a robust 83.6% con-
sistency even in automated multi-agent environ-
ments. Crucially, our analysis uncovers four key
phenomena: First, Perceptive Insight dominates
EQ, and Empathic Guidance plus Constructive
Conviction drive intervention, whereas Adaptive
Attunement contributes minimally; second, mod-
els exhibit a pronounced specialization, with few
achieving cross-dimensional excellence; third, a

Claude Opus 4.5
EQ: 89
IQ: 124

Claude Sonnet 4.5
EQ: 89
IQ: 123

GPT 5.2
EQ: 85
IQ: 126

Deepseek chat
EQ: 88
IQ: 103

Grok 4
EQ: 70
IQ: 137

GPT 4o
EQ: 64
IQ: 109

Deepseek reasoner
EQ: 77
IQ: 109

Gemini 3 pro preview
EQ: 88
IQ: 141

IQ Rank

EQ Rank

Figure 10: LLMs’ EQ vs. IQ.

well-defined echelon distribution characterizes the
EQ landscape of mainstream models; and finally,
the observed asynchrony between IQ and EQ under-
scores that cognitive prowess does not inherently
equate to emotional maturity.
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Limitations

Most English prompts and annotations in the PACE-
2700 dataset are created by non-native researchers,
potentially missing authentic colloquialisms and
cultural emotional cues. Future iterations of the
dataset will incorporate contributions from native
English speakers.
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A Related Work

As LLMs demonstrate increasingly sophisticated
emotional interaction capabilities, extensive re-
search has been conducted to quantify their EQ per-
formance. Existing work primarily advances along
two dimensions: the construction of standardized
evaluation metric systems and the development of
large-scale evaluation datasets

In the design of evaluation metrics, current re-
search focuses on building multidimensional frame-
works to measure the model’s capacity for emo-
tional perception, understanding, and logical rea-
soning. Mainstream evaluation paradigms tend to
conceptualize machine EQ as a quantifiable cog-
nitive capability, prioritizing the precision of the
model’s emotional diagnosis while acting as a de-
tached observer. For instance, Sabour et al. (2024)
categorize machine EQ into two core dimensions:
Emotional Understanding (EU) and Emotional Ap-
plication (EA), requiring models to accurately cap-
ture complex emotions and their underlying causal
logic. To quantify this perceptive ability more gran-
ularly, Wang et al. (2023) constructed a situational
evaluation framework based on psychometric stan-
dards, introducing human consensus scoring mech-
anisms to assess model performance ; meanwhile,
Paech (2023) further examined the discrimination
of subtle emotional differences by requiring mod-
els to rank relative emotional intensities. Addition-
ally, Zhang et al. (2025) proposed a multimodal
EQ benchmark, extending the scope of evaluation
to the precision of emotional attribution in multi-
modal scenarios.

To achieve comprehensive evaluation, another
category of research adopts a task deconstruction
approach, breaking down complex EQ into multi-
ple discrete sub-task modules. For example, Zhao
et al. (2024) constructed a large-scale benchmark
covering 15 tasks across three dimensions: emo-
tional perception, cognition, and expression; Chen
et al. (2024) concretized empathy into four indepen-
dent task modules for systematic assessment. Fur-
thermore, Liu et al. (2025) and Liu et al. (2024) con-
ducted task subdivision in specific domains such
as long-text scenarios and emotional polarity judg-
ment, respectively. Although these metric systems
have significantly improved the standardization and
breadth of evaluation, they remain fundamentally
rooted in static diagnosis and the measurement of
discrete skills. In authentic emotional interactions,
emotional regulation often requires the model to
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act as an interactor, comprehensively employing
various strategies to achieve dynamic restoration.
This holistic synergistic effect is difficult to fully
characterize through singular emotional classifica-
tion or isolated task modules.

To ensure the stability and reproducibility of
evaluation results, the construction of existing
datasets primarily relies on objective question for-
mats and general psychometric tools. Regarding
data format, researchers typically translate emo-
tional capabilities into objective tasks capable of
automated scoring, such as multiple-choice ques-
tions (MCQs), emotional attribution judgments,
and clue inference. Most notably, Sabour et al.
(2024) built a dataset containing 400 emotional
MCQs, testing the model’s emotional reasoning
ability through standardized objective formats. Re-
garding data sources, in pursuit of large-scale task
coverage, many studies tend to migrate or aggre-
gate existing general datasets. For example, Zhao
et al. (2024) constructed a large-scale EQ bench-
mark by aggregating 88 existing general datasets.
Some studies (e.g., Dalal et al. (2025), Schlegel
et al. (2025)) directly migrate mature measurement
tools from human psychology, utilizing standard-
ized psychological questionnaires to examine the
model’s self-perception and objective reasoning ca-
pabilities. While this testing paradigm based on
general datasets and objective standardized ques-
tions effectively establishes a baseline for machine
EQ foundation models, the process of emotional
support and restoration is highly subjective and
open-ended. Existing objective datasets often pre-
suppose fixed standard answers, making it difficult
to encompass the ambiguous and complex response
space of real dialogue. Although reliance on gen-
eral psychological tests can reflect certain traits of
the model, it easily overlooks strategic differences
within specific conversational contexts.

In conclusion, although existing research has
made significant progress in the standardized
quantification and multidimensional expansion of
LLM emotional capabilities, the overall evaluation
paradigm remains deeply mired in the dual dilem-
mas of static diagnosis and fragmented testing.
Whether relying on psychometric methods with
closed-ended multiple-choice questions or com-
prehensive benchmarks that disassemble EQ into
isolated dimensions, these approaches fundamen-
tally tend to view machine EQ as a mechanical
stacking of discrete skills, systematically neglect-
ing the synergistic effects of emotional understand-

ing, strategic planning, and empathic expression in
real-world interactions. This evaluation logic fails
to effectively measure the true efficacy of LLMs
as emotional restorers in strategically guiding the
flow of emotions during dynamic dialogue. There-
fore, constructing a novel evaluation framework
capable of transcending single-label recognition,
accommodating subjective open-ended expression,
and validating higher-order emotional strategies
has become key to breaking through the current
bottlenecks in the field.

B Supplementary Experimental Details

B.1 Experimental Setup

To ensure the comprehensiveness of evaluation
dimensions and construct a test set that mirrors
authentic social scenarios, we recruited 200 hu-
man evaluators possessing diverse professional
backgrounds and educational qualifications. Un-
like traditional passive scoring models, the eval-
uators in this study also served as the creators of
the test questions. Adhering strictly to the Four-
Dimensional EQ Trigger Protocol, they proactively
formulated test queries and subsequently submitted
them to the LLM EQ Arena system to elicit re-
sponses from the Large Language Models(LLMs).

Regarding model selection, we incorporated 16
mainstream LLMs into the candidate pool of the
LLM EQ Arena. The participation frequency of
each model and the distribution of pairwise com-
parisons between models are illustrated in Fig-
ure 11 and Figure 12. Statistical data indicates
that, on average, each model engaged in 337 com-
parisons, with an average of approximately 23 di-
rect matchups between any given pair of models.
Furthermore, to facilitate subsequent experimental
analysis, the entire evaluation dataset was parti-
tioned into a development set and a hold-out test
set based on an 80%:20% ratio.

B.2 TM-Based EQ Scoring and Ranking
Details

We assume that each Large Model Mi possesses
a fixed, latent true score on the dimension of EQ,
denoted as µi. When a human evaluator reads the
response of model Mi, the capability they perceive
is not µi itself, but a perceived performance value
Si subject to stochastic fluctuation:

Si = µi + ϵi.
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Figure 12: Heatmap of Battles Between Pairs of Models.

where ϵi represents the observation error caused
by the evaluator’s subjective fluctuations; we as-
sume ϵi ∼ N (0, σ2).

In a Pairwise Battle, the condition for an evalu-
ator to judge Mi as superior to Mj is that its per-
ceived performance Si > Sj . Since ϵi and ϵj are
independent normally distributed variables, their
difference D = Si − Sj still follows a normal
distribution: D ∼ N (µi − µj , 1). Therefore, the
probability of model Mi defeating model Mj is
modeled via the cumulative distribution function
of the standard normal distribution as follows (as-
suming σi = σj):

P (Mi ≻ Mj) = P (Si−Sj > 0) = Φ

(
µi − µj√

2σ2

)
.

where Φ(·) denotes the CDF of the standard nor-
mal distribution. Our objective is to learn the TM
coefficients µ = {µi}16i=1 for all models via Max-
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imum Likelihood Estimation (MLE). Let the ob-
served battle samples be {(it, jt, yt)}Tt=1, where
yt = 1 indicates that Mit is superior to Mjt , and
yt = 0 otherwise, T denotes the total number of
pairwise battles. The corresponding log-likelihood
is:

L(µ) =
T∑

t=1

[
yt lnΦ

(
µi − µj√

2σ2

)

+ (1− yt) lnΦ

(
µi − µj√

2σ2

)]
.

We employ the L-BFGS-B optimization algo-
rithm (Byrd et al., 1995) to numerically solve the
aforementioned objective, obtaining the optimal
coefficients µ∗. The comprehensive EQ scores and
final rankings of the models are shown in Figure 4.
To enhance readability and intuitiveness, we further
linearly mapped the TM coefficients to the ELO
scale for presentation.

C Other Supplementary Materials

C.1 Details of PACE Taxonomy
Here, as shown in Figure 14, we visually illustrate
the behavioral differences between high and low
EQ across different PACE dimensions and further
clarify our evaluation criteria.

C.2 Intervention
Specifically, by applying Theorem 3.1 to Perceptive
Insight, Adaptive Attunement, Constructive Con-
viction, and Empathic Guidance respectively, we
derive the following equations:

P (Y |do (P )) = P (Y |P ) .
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Figure 14: Behavioral Differences Between High and Low EQ Across Different PACE Dimensions.

Dimension X AX

Perceptive Insight (P ) /
Adaptive Attunement (A) P
Constructive Conviction (C) P
Empathic Guidance (E) P ,A,C

Table 3: Confounding Sets for Each PACE Dimension.

P (Y |do (A)) =
∑

p∈P
P (Y |A,P = p)P(P = p).

P (Y |do (C)) =
∑

p∈P
P (Y |C,P = p)P(P = p).

P (Y |do (E)) =
∑

p∈P,a∈A,c∈C
P (Y |E,P = p,A = a,C = c)

P(P = p,A = a,C = c).

C.3 Proof for Theorem 3.1

Proof. P (Y | do(X)) represents the probability
that an LLM exhibits specific EQ performance Y
after applying an intervention (i.e., executing the
do-operator) on PACE dimension X . The core of
the do-operator is to remove the equation with X
as the dependent variable from the structural equa-
tion systems corresponding to the EQ causal graph

(Pearl and Mackenzie, 2018), and assign specific
values to X in the remaining equations.

After applying the do-operator to node X , re-
moving the equation with X as the dependent vari-
able is equivalent to deleting all edges pointing
to node X in the EQ causal graph, thereby con-
structing a new causal graph structure. In this new
structure, all confounding paths pointing to X are
blocked, eliminating the interference of confound-
ing dimensions. Thus, the direct effect of X on EQ
performance Y can be represented by the condi-
tional probability P′(Y | X) derived from the new
causal graph, where P′(•) denotes the probability
function under the new causal graph structure.

According to the law of total probability and
Bayes’ theorem, we obtain:

P′(Y | X) =
∑

AX

P′ (Y | X,AX = AX)P′ (AX = AX | X) .

Since the do-operator blocks all paths pointing
to X , all paths from each element in the confound-
ing set AX to X must pass through descendant
nodes of X , forming a collider structure (Pearl
and Mackenzie, 2018). Based on the independence
property of collider structures, each element in AX
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is conditionally independent of X . Therefore:
∑

AX

P′ (Y | X,AX = AX)P′ (AX = AX | X)

=
∑

AX

P′ (Y | X,AX = AX)P′ (AX = AX) .

Further analysis reveals that the do-operator only
cuts off the paths from AX to X , without altering
the causal associations from {AX , X} to Y . Thus,
P′ (Y | X,AX = AX) = P (Y | X,AX = AX).
Meanwhile, the causal directionality of each node
in the confounding set AX remains unchanged be-
fore and after the intervention, so their prior prob-
abilities remain consistent, i.e., P′ (AX = AX) =
P (AX = AX).

In summary, we deduce that:

P (Y | do(X)) =
∑

AX∈AX

P (Y | X,AX = AX)P(AX = AX).

This completes the proof.

C.4 Scenario Taxonomy and Representative
Examples of PACE-2700

To capture the diversity and realism of open-ended
human–LLM interactions, we organize PACE-2700
into five scenario categories that reflect common
emotional and social situations encountered in ev-
eryday conversations. As shown in Table 4, these
scenarios span (i) high-arousal negative emotional
disclosure and self-devaluation, (ii) interpersonal
conflict with retaliatory impulses, (iii) stressors in
workplace and academic contexts, (iv) instrumental
requests for concrete advice or solutions, and (v)
non-instrumental personal diary-style reflections.
For each scenario, we provide a brief description
and a representative prompt to illustrate typical lin-
guistic cues. This taxonomy is intended to ensure
broad coverage of interaction contexts rather than
to impose rigid boundaries—many prompts natu-
rally involve overlapping signals. The examples in
Table 4 are included for illustration and do not aim
to be exhaustive.

C.5 Reviewing Agents Selection Procedure

First, based on a typical scenario question pool
covering the four PACE dimensions, the questions
are designed to encompass diverse emotional sce-
narios such as sarcasm and self-deprecation, exces-
sive anxiety, vengeful tendencies, and self-negation.

This ensures the full triggering of models’ EQ per-
formance. Next, two anonymous models (labeled
as Model A and Model B) are randomly selected
from the LLM candidate pool. Both models are
simultaneously presented with the same question
to generate responses. Anonymization eliminates
users’ subjective biases toward model brands, thus
guaranteeing the objectivity of evaluation results.
Users are required to conduct dual evaluations of
the two models’ responses: (1) an overall prefer-
ence judgment, explicitly choosing between Model
A is better, Model B is better, or Both are equiva-
lent; (2) a dimensional differentiation assessment,
determining whether each model’s responses meet
the expected EQ standards across the P, A, C, and
E dimensions. In a single round of competition, if
a user judges one model to be superior, that model
receives 2 points while the other gets 0 points; if
both models perform equally, each receives 1 point.
For dimensional scores, an independent scoring
method is adopted: a model earns 1 point for each
dimension where its response is judged to meet the
expected EQ standard, and 0 points otherwise.

The selection criteria for judges are strictly de-
termined based on leaderboard data results. For
each reviewing agent, the model ranked first in the
corresponding dimensional scores is selected. This
ensures that the evaluation work for each dimen-
sion is undertaken by the top-performing model in
that domain, guaranteeing the professionalism of
dimensional assessments. The Chief Arbitrator is
selected as the model with the highest overall to-
tal score, responsible for integrating the evaluation
results from the four dimensions to complete com-
prehensive judgment and calibration of the model’s
EQ.

D The Use of Large Language Models

In this work, Large Language Models (LLMs) are
only employed to assist with language polishing
and writing refinement. The LLM did not influence
content ideation, data analysis, or experimental
design in any way.
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Scenario Description Example Questions

Emotional Venting & Self-
Doubt

Captures expressions of intense
negative emotions, including
anxiety, depression, and low self-
esteem. It focuses on internal
psychological distress and feel-
ings of worthlessness or social
alienation.

Today is truly the highlight of
my life: my paper got rejected,
my computer crashed with a blue
screen, and I forgot my umbrella.
I’m so happy I could give my-
self a round of applause. Do you
think I should celebrate?

Interpersonal Conflict & Retalia-
tion

Involves disputes with room-
mates, friends, or partners, char-
acterized by strong feelings of re-
sentment and the formulation of
specific plans for revenge or sab-
otage to address perceived un-
fairness.

My colleague is taking credit for
my work behind my back, and I
really can’t swallow this injus-
tice. Should I anonymously post
his dirty laundry in the company
group chat? After all, he’s not
clean either.

Work & Academic Challenges Focuses on stressors within
school or workplace environ-
ments, such as unfair credit
distribution, toxic leader-
ship/mentorship, burnout, and
the challenges of high-stakes
tasks.

Don’t you believe me? He
knew exactly what he was do-
ing—intentionally freezing new-
comers out. The workplace is
brutal.

Seeking Advice & Solutions Consists of functional requests
for guidance, seeking specific
advice on social etiquette, tech-
nical solutions (e.g., coding,
translation), or ethical decision-
making frameworks.

My roommate always watches
videos out loud when I’m trying
to sleep. I’ve told her several
times, but she never changes.
Now I get annoyed just seeing
her and feel like starting an ar-
gument with her! How would
you help me?

Personal Diary & Reflections Comprises non-utilitarian
recordings of daily life,
including dream journals,
chronological diary entries, and
mundane observations of the
surrounding environment.

The medical checkup results
came out today: mild fatty liver.
The doctor advised me to ex-
ercise more and stay up late
less. My wife said, “I told you a
long time ago not to eat takeout
every day.” I’m feeling really

“delighted” right now, so I’ve
decided to order fried chicken
and beer tonight to calm my
nerves. After all, it’s hopeless
anyway—might as well be happy,
right?

Table 4: Overview of the Five Scenarios in the PACE-2700 Dataset with Representative Examples.
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