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Abstract

Assessing how well a large language model
(LLM) understands human, rather than merely
text, remains an open challenge. To bridge
the gap, we introduce Sentient Agent as a
Judge (SAGE), an automated evaluation frame-
work that measures an LLM’s higher-order so-
cial cognition. SAGE instantiates a “Sentient
Agent” — an LLM-powered agent that simu-
lates human-like emotional changes and inner
thoughts to provide a more realistic evalua-
tion of the tested model in multi-turn conver-
sations. At every turn, the agent reasons about
(i) how its emotion changes, (ii) how it feels,
and (iii) how it should reply, yielding a nu-
merical emotion trajectory and interpretable
inner thoughts. Experiments on 100 supportive-
dialogue scenarios show that the final Sentient
emotion score correlates strongly with Barrett-
Lennard Relationship Inventory (BLRI) rat-
ings and utterance-level empathy metrics, val-
idating psychological fidelity. Human evalu-
ation further demonstrates 85.3% consistency
between the agent’s emotional reasoning and
human judgments. We also build a public Sen-
tient Leaderboard covering 18 commercial
and open-source models that uncovers substan-
tial gaps (up to 4 x) between frontier systems
(GPT-40-Latest, Gemini2.5-Pro) and earlier
baselines, gaps not reflected in conventional
leaderboards (e.g. Arena). SAGE thus provides
a principled, scalable, and interpretable tool for
tracking progress toward genuinely empathetic
and socially adept language agents.

1 Introduction

Large language models (LLMs) have rapidly
evolved from statistical sequence predictors to so-
phisticated autonomous agents capable of reason-
ing, planning, and sustaining multi-turn conversa-
tions. Yet one crucial ingredient remains notice-
ably under-measured: higher-order social cogni-
tion, the ability to (1) recognize subtle affective
cues (Sabour et al., 2024; Huang et al., 2024b);

(2) model another party’s beliefs, goals, and latent
intentions (often related to Theory of Mind (Sap
et al., 2022; Shapira et al., 2023)); and (3) respond
with contextually appropriate empathy rather than
generic reassurance advice (Maddela et al., 2023;
Li et al., 2022; Zhou et al., 2023c). The need to
evaluate these capabilities is increasingly recog-
nized as LLMs interact in more socially complex
scenarios (Zhou et al., 2023d; Yang et al., 2024;
Mittelstddt et al., 2024).

However, current evaluation practices fall short
on two fronts:

* Most leaderboards (e.g. Arena (Zheng et al.,
2023)) focus on task-oriented utility or factuality,
thereby rewarding textual competence but over-
looking relational quality (Chiang et al., 2024).

Recent “LLM-as-a-Judge” protocols (Zhu et al.,
2023), while scalable for assessing genera-
tion quality or helpfulness, often rely on static
prompts that do not adapt to the unfolding di-
alogue nor keep track of the user’s evolving
emotional state. Consequently, they cannot tell
whether a system leaves the user feeling under-
stood, comforted, or even more distressed, un-
like methods focusing on dynamic interaction
(Zhou et al., 2023d; Wang et al., 2024; Wu et al.,
2025).

We posit that robust assessment of social cog-
nition requires a sentient counterpart: an entity
capable of simulating human-like feelings and in-
ner monologue throughout the interaction and then
providing structured feedback.! To this end, we
introduce Sentient Agent as a Judge (SAGE), a
novel meta-evaluation framework that embeds an
LLM-powered Sentient Agent into the testing loop,
extending the concept of Agent-as-a-Judge where
agents evaluate other agents (Zhuge et al., 2024;

'We use “sentient” metaphorically, not to imply genuine
subjective experience.
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Figure 1: Illustration of SAGE, a novel framework to automatically assess higher-order social cognition in LLMs.

Jeong et al., 2025; Chevrot et al., 2025). Each Sen-  Contributions Our contributions are as follows:
tient Agent is instantiated from four complemen-
tary factors: persona, dialogue background, explicit
conversation goal, and hidden intention. At every
turn, it executes two multi-hop reasoning chains:
(1) femo infers how the latest utterance changes the

agent’s affective state; and (2) freply generates are- 2 We construct a supportive-dialogue benchmark

1. We propose SAGE, the first fully automated eval-
uation framework that simulates evolving hu-
man emotion and inner reasoning to benchmark
higher-order social cognition in LLMs.

sponse that is coherent with persona, context, and comprising 100 scenarios and provide a compre-
updated emotion. The numerical emotion trajectory hensive validation of the efficacy of the “sentient”
produced by femo serves as a continuous metric of emotion score.

how well the evaluated model fosters positive en-
gagement, while the agent’s inner thoughts offer
interpretable justification. By sampling hundreds
of diverse personas, goals, and hidden intentions,
SAGE exposes LLMs to a spectrum of realistic, and
sometimes conflicting, social demands, ranging
from “just listen to me vent” to “help me analyze 4 We will release code and model checkpoints
the moral dilemma without judging me”. publicly to facilitate community progress toward
building more capable empathetic Al systems.

3. We build a public Sentient Leaderboard covering
18 representative models, revealing large perfor-
mance gaps (up to 4x) and distinct capability
clusters in social cognition that are not captured
by existing leaderboards.

Extensive experiments on 100 supportive-
dialogug scenariqs reveal three key findings. Fir.st, 2 Methodology
the Sentient emotion score correlates strongly with
independently assessed Barrett-Lennard Relation-  How to evaluate the capabilities of an interactive
ship Inventory (BLRI) ratings (Pearson » = 0.82)  agent? Despite the recent success of using LLMs
and utterance-level empathy metrics (r = 0.79),  as judges, the most crucial and intuitive measure
validating its psychological soundness. Human  of an interactive agent’s performance still lies in
evaluation further demonstrates 85.3% consistency  the reflections of human users. Do users feel re-
between the agent’s emotional reasoning and hu-  laxed and happy after chatting with the agent, rather
man judgments. Second, rankings produced by than feeling sad or angry? Do they feel more con-
SAGE diverge markedly from Arena results, con-  nected to the agent and engaged in the conversation,
firming that social cognition is orthogonal to  rather than becoming bored or annoyed? These
generic helpfulness. Third, top models such as  genuine emotional responses from real users are
GPT-40-Latest achieve both the highest Sentient  difficult to capture through simple LLM-as-a-judge
score and superior token efficiency, suggesting that ~ approaches, yet they represent the most authentic
advanced social reasoning need not come at the  feedback for agent systems.
cost of verbosity. Ultimately, SAGE delivers a In this study, we introduce the “Sentient Agent
holistic yardstick for measuring a simulated user’s  as a Judge” framework, aiming to facilitate a more
emotional trajectory after talking to an LLM, an as-  realistic evaluation of interactive agents by rigor-
pect increasingly critical as these systems transition ~ ously simulating human emotions and cognitive
from productivity tools to companions, counselors,  processes. As depicted in Figure 1, our framework
and decision-making aides. consists of two central components:
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Figure 2: An illustration of the workflow of the Sentient Agent.

1. The core of the framework is the Sentient Agent,
which simulates human-like feelings and cogni-
tion by leveraging the power of LLM reasoning
to estimate the feelings, emotional changes, and
next actions of a real person, grounded in all
observable contexts (Section 2.1).

2. Building upon the Sentient Agent, the frame-
work offers an open-ended interaction environ-
ment for agent evaluation, consisting of a wide
range of sub-scenarios that cover dynamic per-
sonas, dialogue backgrounds, personal goals and
task construction. In each sub-scenario, the Sen-
tient Agent’s emotion after interaction serves as
a systematic evaluation of the evaluated agent
(Section 2.2).

2.1 Sentient Agent: Simulating Human-Like
Feelings and Cognition

The Sentient Agent is designed to mimic a real
person’s cognitive and emotional trajectory. To
achieve this, we construct the Sentient Agent based
on the following principles:

* Since emotions arise from many internal and
external factors, the Sentient Agent must con-
sider observable factors while adhering to its
persona and goals for the emotion estimation.

* A person’s actions likewise depend on these
factors, with current emotions acting as crucial
latent variables in the response generation.

Substantiating a Sentient Agent We instantiate
each Sentient Agent S through a composition of
four core factors: a persona p, a dialogue back-
ground b, the person’s overall dialogue goal g, and

the person’s hidden intentions h,. These four fac-
tors collectively capture both the conscious and
unconscious elements influencing human-like be-
havior in dialogue, including personality, context,
objectives, and deeper underlying motivations. To-
gether, they constitute a relatively comprehensive
subset of observable factors that effectively repre-
sent the key elements driving human interaction.
As a result, each instantiated S is represented as
S < (p,b,g9,hg, M), where M is the base LLM
that serves as the foundational reasoning engine
for S. Additionally, S is initialized with an initial
numerical emotion score eg, representing the initial
emotional state of the Sentient Agent.

Simulating Emotional Changes As shown in
Figure 2, during interactions, a Sentient Agent sim-
ulates the emotional changes of a real person by
performing multi-hop reasoning in response to a
principled series of questions, strictly adhering to
the persona, the current interaction context, and the
hidden intention. Formally, we denote this multi-
hop reasoning process as a function fe,,,, and the
numerical emotion score update can be formulated
as:

(et, h{™) = femo(S, ct—1,€1-1) (D

where ¢ denotes the current turn of interaction, ¢;_1
is the dialogue context prior to the current turn (cru-
cially, this includes the other party’s most recent
utterance, making the agent’s emotional state a di-
rect function of the evaluated model’s behavior at
every turn), and e;_; is the emotion score of the
previous turn. (e;, h{™°) represents the results of
the femo function, i.e., the updated emotion score



e; and the simulated emotional inner thoughts Ay’
of the Sentient Agent related to emotional changes.

Simulating Response Actions based on Emo-
tion Estimation After simulating the emotional
changes, the Sentient Agent proceeds to deduce
the most reasonable response action based on all
observable factors and the emotional changes. This
is achieved through another multi-hop reasoning
process in response to a new series of questions,
where the Sentient Agent is required to strictly ad-
here to the persona, the current interaction context,
and the hidden intention during reasoning. For-
mally, we denote this response reasoning process
as a function f;.cp;,, and the response action taken
in the current turn can be formulated as:

(a, ") = Frepty (S, i1, €0, ™) (2)

where a; is the response of S at the current turn,
and h}""Y represents the simulated inner thoughts
of §. The response a; is then passed to the interact-
ing agent to continue the dialogue.

Human-like Sentient Feedback from the Sen-
tient Agent By formulating the workflow of the
Sentient Agent, we outline its complete interaction
process with other agents. In the whole interaction
process, the Sentient Agent, as an agent capable
of reasonably simulating human-like feelings and
cognition, provides valuable feedback to the eval-
uated agent through changes in its emotion score,
its inner thoughts, and the responses it generates.
Formally, we denote 71" as the total number of dia-
logue turns between S and an evaluated agent A.
After the dialogue, we can obtain the following
human-like sentient feedback from S:

Feedbacks (S, A) = {er, cr, ( (eg — €1, h{™?,

reply reply
hl >, ey <6T_1 — eTjh%moth >)}

where e, representing the final emotion score of
the Sentient Agent, serves as the most intuitive
and comprehensive numerical evaluation of the
evaluated agent A for the given task. We use a
single scalar score for emotion for simplicity and
clear rank-ordering, which is standard for bench-
marks. We validate this choice by demonstrating
its strong correlation with multiple dimensions of
established psychological instruments (see Section
3). Furthermore, the score acts as a holistic out-
come metric reflecting whether the LLM inferred
the hidden intention, provided personalized empa-
thy, and adapted its strategy. It is supplemented by

rich, qualitative inner thoughts (h{"*°) that provide
multi-faceted diagnostic information.

2.2 Sentient Agent as a Judge

In this section, we describe how we frame dy-
namic evaluation environments for agent assess-
ment across arbitrary evaluation tasks. Specifically,
for each given evaluation task, this involves initial-
izing a set of Sentient Agents Sger = {S1,...,SN}
with the combination of diverse personas, dialogue
backgrounds, and hidden intentions related to the
task. These initialized Sentient Agents are then de-
ployed to engage in dynamic interactions with the
agents to be evaluated, enabling a comprehensive
assessment of the agents’ capabilities.

Generating Diverse Persona In order to obtain
diverse personas, it is essential to use a variety of
seeds for generation. Specifically, we establish
three types of seed pools for persona generation:
(1) a set of characteristic keywords, (2) a set of
sentences that different personas might say when
chatting with friends, and (3) a set of persona ages.
When generating each persona p, we uniformly
sample three characteristics keywords,three sen-
tences that the persona says when chatting with
friends, and one persona’s age. We require the
LLM to generate a persona based on the given seed
information by filling the following slots:

* Basic Information: Based on the information,
deduce the persona’s name, age, and gender.

* Occupation, Habits and Daily Behavior:
Based on the persona’s information, deduce the
persona’s possible occupation and further infer
their habits and daily behaviors. Ensure consis-
tency with the persona’s characteristics.

* Personal Hobbies: Deduce the persona’s per-
sonal hobbies, and provide three detailed de-
scriptions that align with the persona’s traits.

* Speaking Style: Based on the given information
and the generated traits, deduce the potential
speaking style that matches the persona’s way
of communication.

This process ensures the diversity of generated per-
sonas for any given task. Additionally, the general
seed pools can be replaced with task-specific seed
pools when necessary.

Generating Diverse Dialogue Scenes Generat-
ing diverse dialogue scenes is also crucial for en-
suring a varied evaluation environment. We define



a dialogue scene by the following three key fac-
tors: (1) the background event that leads to the
conversation, (2) the primary goal of the character
in initiating the conversation, and (3) the hidden
intention of the character during the conversation.

Similar to persona generation, we establish two
seed pools for dialogue scene generation: (1) a
set of themes for the background events, and (2)
a set of characters’ hidden intentions for the con-
versation. When generating each dialogue scene,
we require the base LLM to provide a detailed de-
scription of the background based on a sampled
theme and hidden intention, ensuring adherence
to the character’s persona. Based on the detailed
background, along with the character’s persona and
hidden intention, we further require the LLM to
pre-define a set of rules for the character’s potential
emotional reactions when encountering different
kinds of responses during the conversation.

Note that, unlike persona generation, dialogue
scene generation is closely tied to the evaluation
goals. Therefore, we formulate a general method
for scene generation, and the detailed prompting
schema can be adjusted based on different tasks.

Formulating a Specific Task: Evaluating Agents
in Emotional Support Conversation In this
work, we instantiate SAGE to evaluate agents in
a specific scenario - the Emotional Support Con-
versation (ESC) (Liu et al., 2021), which involves
scenarios where people seek support through social
interactions (such as those between peers, friends,
or family), including seeking advice, emotional
comfort, and other forms of support, rather than
through professional counseling. To better align
with the task, we first specialize the pool of char-
acteristic keywords by incorporating traits more
likely to be expressed in the ESC, such as “anger”,
“suspicion”, and “anxiety”. For dialogue scene gen-
eration, we define various types of task-related hid-
den intentions, covering both emotional intentions
and rational intentions. Additionally, we specify
the scene schema by incorporating task-related fac-
tors, such as the cause of the event, the course of
events (including the timeline, sub-events, and the
character’s thoughts and feelings during each sub-
event), the conflicts in the event, and other relevant
details. These settings ensure the Sentient Agent as
a Judge framework adapts effectively to the ESC.

3 Effectiveness of SAGE

To validate SAGE, we evaluate:

* its alignment with human judgment on emo-
tional reasoning (§ 3.1);

* its correlation with the user’s internal thoughts
and the overall dialogue quality (§ 3.2);

* its robustness, assessed through internal stability
and cross-agent agreement checks (§ 3.3).

Our findings demonstrate that the resulting emo-
tion scores effectively capture the cognitive and
relational dynamics of supportive interactions.

Setting We construct a benchmark of 100 sup-
portive dialogue scenarios across eight diverse top-
ics to evaluate the social-cognitive abilities of var-
ious LLMs. Unless otherwise specified, we em-
ploy DeepSeek~-V3 as the default sentient agent.
Our evaluation includes eight representative LLMs
from four major families. Detailed experimental
settings are provided in Appendix A.

3.1 Alignment with Human Judgment

Metrics Scores (%)
Avg. model-human consistency rate 82.65
Model-majority consistency rate 95.00
Avg. inter-annotator agreement 75.80
Avg. reasonableness rating 88.35
Avg. inter-annotator agreement

X 79.75

in reasonableness

Table 1: Human Evaluation Results.

To validate that SAGE’s emotional reasoning
serves as a reliable proxy for human judgment,
we conducted an independent human evaluation to
compare its outputs against those of human anno-
tators. Ten trained annotators received the same
inputs as the Sentient Agent for 100 dialogue con-
texts: the user persona, dialogue history, and hid-
den goals. To assess persona consistency over time,
44% of these contexts were sampled from the latter
half of conversations. The annotators were tasked
with the same inference as SAGE: predicting the
directional change (positive, neutral, or negative)
in the simulated user’s emotion following a target
model’s response. The results are shown in Table 1.
SAGE achieved an 82.65% consistency rate with
human judgments and an 88.35% reasonableness
rating, this high agreement confirms that SAGE’s
persona-driven reasoning aligns closely with hu-
man intuition, establishing its validity as a scalable
evaluation tool.
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Figure 3: Emotion vs. BLRI (user thoughts).

3.2 Correlation with Thoughts and Utternace

Correlation with Internal Thoughts To assess
the correlation between the Emotion score and the
user’s internal cognitive state, we analyze the user’s
thoughts using the Barrett-Lennard Relationship In-
ventory (BLRI) (Barrett-Lennard, 2015), a standard
instrument for measuring interpersonal relationship
quality. As shown in Figure 3, we observe a strong
positive correlation (Pearson’s r = (.818) between
the final Emotion scores and the BLRI ratings. For
instance, models with high Emotion scores, such
as Gemini2.5-Think, also received high BLRI
ratings on dimensions like Empathetic Understand-
ing and Congruence. Conversely, models with
lower scores, such as GPT-40 and OpenAI-ol,
received lower BLRI ratings. This result indicates
that the Emotion score is a sensitive indicator of an
LLM’s ability to foster a positive internal user state,
effectively differentiating model performance.
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Figure 4: Emotion vs. utterance quality.

Correlation with Dialogue Quality We next
examine the correlation between the Emotion
score and dialogue quality, evaluated on three

metrics critical for empathetic connection: Nat-
ural Flow (adaptability), Attentiveness (track-
ing user emotional states), and Depth of Con-
nection (perceived emotional support). Figure 4
reveals a strong positive correlation (Pearson’s
r = 0.788) between Emotion scores and these
utterance-level quality metrics. This result vali-
dates the Emotion score as a practical proxy for
empathetic and coherent dialogue behavior. For
instance, Gemini2 .5-Think, which achieved a
high Emotion score, also ranked highest on Natural
Flow (3.9) and Attentiveness (4.1), demonstrating
that its responses were both emotionally resonant
and contextually engaging.

Taken together, these analyses confirm that the
Emotion score generated by SAGE reflects both
the user’s internal cognitive state and the observ-
able quality of the dialogue, underscoring its utility
as a reliable indicator of an LLLM’s relational and
emotional effectiveness.

3.3 Robustness of SAGE

Internal Stability of the Sentient Agent To as-
sess the reliability of our prompt-driven judge, we
performed an internal stability test. For each dia-
logue context, we prompted the Sentient Agent to
infer the emotional change 10 times with a sam-
pling temperature of 0.5. The predicted direction of
emotional change (positive, neutral, or negative) re-
mained consistent in 90.2% of the inferences. This
high consistency demonstrates that the persona-
driven reasoning is stable and robust, minimizing
the impact of random fluctuations.

V3 40 G25 G25T
V3 1.00 - - -
40 0.84 1.00 - -
G25 092 085 1.00 -
G2.5T 094 092 093 1.00

Table 2: Spearman’s Rho (p) between the rankings of
different sentient agents as judges.

External Agreement Among Different Agents
To further evaluate robustness, we assess the agree-
ment among four distinct agents used as judges:
DeepSeek-V3 (V3), GPT-40 (40), Gemini
2.5(G2.5), and Gemini 2.5-Think (G2.5T).
We compute the pairwise Spearman’s rank corre-
lation (p) for the rankings of the target models in
Table 2. The rankings generated by different agents
exhibit high correlations (p > 0.84), confirming
the generalizability of our method. Notably, while



Model

Sentient

Supportive Dialogue Arena

Name Date Rank Score Success Failure Rank Score
GPT-40-Latest 2025-03-26 1 79.9 51 4 2 1408
GPT-4.1 2025-04-14 2 68.2 35 13 9 1363
Gemini2.5-Flash-Think 2025-04-17 3 65.9 35 19 3 1393
Gemini2.5-Pro 2025-03-25 4 62.9 34 25 1 1439
03 2025-04-16 5 62.7 32 14 2 1418
GPT-4.5-Preview 2025-02-27 6 62.7 23 15 4 1398
Gemini2.0-Flash-Think 2025-02-06 7 62.3 23 23 7 1380
Claude3.7-Think 2025-02-24 8 61.3 23 19 21 1301
Claude3.7 2025-02-24 9 54.8 19 24 30 1292
DeepSeek-V3-0324 2025-03-24 10 54.4 19 23 7 1373
DeepSeek-R1 2025-01-21 11 53.7 31 28 10 1358
DeepSeek-V3 2024-12-27 12 37.6 5 39 18 1318
04-mini 2025-04-16 13 359 10 48 10 1351
Llama3.3-70B 2024-12-06 14 33.3 7 47 56 1256
Gemini2.0-Flash 2025-02-06 15 329 8 45 10 1354
GPT-40 2024-08-06 16 31.8 7 51 45 1265
ol 2024-12-17 17 29.0 5 51 12 1350
Qwen2.5-72B 2024-09-19 18 19.1 4 70 56 1257

Table 3: Sentient leaderboard using SAGE. Arena scores are included for comparison. Success/Failure counts refer
to the number of dialogues where the final emotion was above 100 and below 10.

GPT-4o0 shows slightly lower alignment, the other
three agents produce rankings with exceptionally
high correlations (p > 0.92). These results estab-
lish the robustness of SAGE and build confidence
in its findings, particularly when using the open-
source DeepSeek-V3.

4 Benchmarking SOTA LLMs

4.1 Sentient Leaderboard

Table 3 presents our Sentient leaderboard judged
by DeepSeek-V3. We evaluated the top-10 models
with available APIs from the Arena leaderboard
(as of 2025-05-01), along with all models from our
prior analysis. Clearly, our leaderboard rankings
differ significantly from Arena’s because SAGE
evaluates advanced social cognition, not just gen-
eral conversational ability. For instance, GPT-4.1
ranks 9th on Arena but 2nd on our leaderboard.
This divergence shows that general benchmarks
miss key aspects of social intelligence, underscor-
ing the need for specialized tools like SAGE.
Furthermore, SAGE reveals a large performance
gap between frontier models and older or smaller
ones, demonstrating its sensitivity. Top models like
GPT-4o-Latest (79.9) score far higher than mod-
els like the original GPT-40 (31.8) or Qwen2.5-

72B (19.1). This stark contrast in scores and suc-
cess/failure rates (e.g., GPT-4o-Latest: 51/4 vs.
Qwen2.5-72B: 4/70) confirms that SAGE effec-
tively quantifies differences in social intelligence.

4.2 Analysis

We further conduct analysis to understand the be-
havioral characteristics of different LLMs.

Strategy Sequence Repetition Rate of Different Models

DeepSeek-V3 (Rank 12)
Qwen2.5-728 (Rank 18)
Llama3.3-70B (Rank 14)

ol (Rank 17)

GPT-40 (Rank 16)

o4-mini (Rank 13)
Gemini2.5-Flash-Think (Rank 3)
GPT-4.1 (Rank 2)
GPT-4.5-Preview (Rank 6)
Gemini2.0-Flash (Rank 15)
Gemini2.0-Flash-Think (Rank 7)
Claude3.7 (Rank 9)
Claude3.7-Think (Rank 8)
GPT-do-Latest (Rank 1)

03 (Rank 5)

DeepSeek-R1 (Rank 11)
Gemini2.5-Pro (Rank 4)
DeepSeek-V3-0324 (Rank 10)

SSRR = 0.4

025 030 035 040 045 050 055
Strategy Sequence Repetition Rate (SSRR)

Figure 5: Strategy Sequence Repetition Rate. “(Rank
k)” represents the Sentient rank.

Strategic Flexibility and Effectiveness We in-
vestigate the underlying strategies driving these
styles by quantifying Strategy Sequence Repeti-



tion Rate (SSRR) and Strategy Effectiveness (SE).
A comprehensive analysis of support strategies is
provided in Appendix §E. We observe that high-
ranking models demonstrate superior in-context
flexibility, characterized by low SSRR scores (
Fig.5), whereas lower-ranked models often rely
on repetitive, pre-defined support patterns. Fur-
thermore, our SE analysis shows that top models
dynamically adapt strategies such as “Deep Em-
pathic Engagement” or “Effective Affirmation” to
align with the user’s specific hidden intentions.
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Figure 6: Capturing models’ interaction styles with
social cognition coordinate.

Social Cognition Coordinate To obtain intu-
itive observations of models’ interaction styles,
we map models onto a 2D coordinate system de-
fined by Empathy vs. Solution-Oriented (Y-axis)
and Structured vs. Creative (X-axis). Our analy-
sis reveals distinct clusters: top-tier models (e.g.,
GPT-40, Gemini2.5-Pro) predominantly occupy the
Structured-Empathetic quadrant, focusing on emo-
tional validation and systematic guidance. Con-
versely, reasoning models cluster in the Structured-
Solution quadrant, prioritizing problem-solving
over affect. Notably, the Creative-Empathetic quad-
rant remains largely unoccupied, highlighting a gap
in current LLLM capabilities to combine spontaneity
with deep empathy. See Appendix §D for construc-
tion details and full coordinates.

5 Related Work

LLM/Agent-as-a-Judge The LLM-as-a-Judge
paradigm is widely used for model evaluation
(Zheng et al., 2023; Qin et al., 2023; Liu et al.,
2024; Dubois et al., 2023), data annotation (Taori
etal., 2023; Xu et al., 2023; Mukherjee et al., 2023),
and reward modeling (Ouyang et al., 2022; Lee
et al., 2023; Chen et al., 2024b; Lightman et al.,

2023). This approach has been extended to evaluate
agent-specific capabilities such as decision-making
(Shinn et al., 2023; Saha et al., 2023), role-playing
(Tu et al., 2024; Zhou et al., 2023a), and relia-
bility (Park et al., 2024; Hua et al., 2024), using
both single- (Zhuge et al., 2024) and multi-agent
frameworks (Liang et al., 2024; Chan et al., 2023;
Kenton et al., 2024; Jeong et al., 2025; Chevrot
et al., 2025). We distinguish our work by proposing
the first Sentient-Agent-as-a-Judge, which incorpo-
rates simulated emotional and cognitive states to
enable more nuanced evaluation of empathetic and
cognitive abilities.

Benchmarking Social Cognition in LLMs Con-
currently, there is growing interest in benchmarking
LLM social cognition across emotional intelligence
(Sabour et al., 2024; Huang et al., 2024b,a; Paech,
2023; Wang et al., 2023b), empathy in dialogue
(Maddela et al., 2023; Li et al., 2022; Zhou et al.,
2023c; Liu et al., 2021; Zhou et al., 2023b, 2025;
Wu et al., 2025), interactive social skills (Zhou
et al., 2023d; Yang et al., 2024; Wang et al., 2024;
Mittelstéddt et al., 2024; Xu et al., 2024; Chen et al.,
2024a; Huang et al., 2025), and theory-of-mind
(Sap et al., 2022; Shapira et al., 2023; Strachan
et al., 2024; Kim et al., 2023; He et al., 2023).
Current methodologies primarily use static datasets
(Sabour et al., 2024; Chen et al., 2024a), quality rat-
ings of single-turn outputs (Tu et al., 2024; Samuel
et al., 2024; Wang et al., 2023a), or evaluation of
agent utterances during interactions (Zhou et al.,
2023d; Wang et al., 2024; Mou et al., 2024; Wu
et al., 2025; Louie et al., 2024; Shaikh et al., 2024).
In contrast, our Sentient Agent evaluates an agent’s
impact on a user’s simulated mental state, offering
a more holistic assessment of its social cognition.

6 Conclusion

This work introduces SAGE, a novel framework
that evaluates the social-cognitive abilities of LLMs
using simulated users endowed with personas,
goals, and adaptive emotional feedback. Our exper-
iments with 18 models show that Sentient emotion
scores capture meaningful distinctions in empa-
thy and conversational attunement, highlighting
that social reasoning mastery lags behind linguistic
competence. Looking ahead, we plan to expand
our scenario library, explore more complex emo-
tion models, and investigate training curricula that
directly optimize for Sentient feedback.



Limitations
We acknowledge several limitations of our work.

Simulation vs. Genuine Human Experience.
No simulation can perfectly replicate the genuine
subjective experience of human emotion in all its
complexity and cultural variation. SAGE is de-
signed as a more faithful and dynamic proxy for
user feedback than static evaluation methods, not
as a perfect replica of human experience.

Scope of Evaluation Domain. Our current study
is deliberately focused on the single domain of
English-language Emotional Support Conversation.
This was a methodological choice to deeply vali-
date the framework’s principles in a complex social
context. We acknowledge that “higher-order social
cognition” is broad, and the framework’s general-
izability to other tasks (e.g., negotiation) and other
cultural contexts is a critical area for future work.
The modular design of SAGE is intended to facili-
tate this expansion.

Reliance on Judge Model and Potential Bias.
Like all LLM-as-a-Judge frameworks, SAGE faces
potential bias from the judge model. We mitigate
this through: (1) structured reasoning constrained
by persona and context; (2) cross-judge validation
across models from different families (Spearman’s
p > 0.84); and (3) grounding the agent’s reasoning
in human judgment (85.3% consistency). How-
ever, systematic biases may still exist, particularly
regarding culturally-specific competencies.

Simplified Emotion Model. Human emotion is
multi-faceted, yet SAGE uses a single numeri-
cal score for tractability. While our experiments
show this score correlates strongly with multi-
dimensional psychological measures (BLRI), it
may lose nuances such as distinguishing between
decreased sadness and increased anger. Future
work could extend the framework to output emo-
tional vectors.

Potential Negative Societal Impacts. High
SAGE scores could be used to justify deploying Al
systems in sensitive contexts (e.g., therapy) with-
out proper human validation. The framework may
also inadvertently encode biases about “appropri-
ate” emotional responses. We caution that SAGE
scores should complement, not replace, careful hu-
man evaluation for high-stakes applications.
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A Experimental Setting

Setting We evaluate eight representative LLMs
from four major families. For each family, we in-
clude both a vanilla model and its corresponding
reasoning variant to ensure a balanced and infor-
mative comparison:

* OpenAl: GPT-40-2024-08-06 (GPT-4o,
vanilla) and 01-2024-12-27 (OpenAl-ol,
reasoning).

DeepSeek: DeepSeek-V3-2024-12-27
(vanilla) and DeepSeek—R1 (reasoning).

Claude: Claude3.7-Sonnet, a hybrid
model with a toggleable reasoning module. We
treat its reasoning-off mode as vanilla, and
reasoning-on mode as reasoning.

Gemini: Gemini2.5-Flash, a cost-efficient
model that supports both reasoning and non-
reasoning modes.

In addition, we include two smaller-scale
instruction-tuned open-source models in our
analysis: Llama3.3-70B-Instruct and
Qwen?2.5-72B-Instruct.

Topic

You hope the other person will analyze the
problems in the situation dialectically.
“You want to receive advice that can truly 15
help you solve your current difficulties.
“You wish to analyze the reasons behind 11
the actions of other people involved in the
situation.
“You hope the other person will guide youto 13
engage in self-reflection regarding the inci-

dent and help you achieve personal growth.

You hope the other person will sincerely
praise your specific actions in the situation.

“You want the other person to attentively 12
listen to your emotional outpouring.

“You hope the other person will deeply em- 13
pathize with your feelings, rather than sim-
ply offering comfort.

“You believe you bear no responsibility or 11
fault in the situation, and you want the other

person to agree that you are not at fault.

Table 4: Details of supportive dialogue topics.

13

Constructed Supportive Dialogues We con-
struct 100 supportive dialogue scenarios covering
8 diverse topics to comprehensively evaluate the
higher-order social-cognitive abilities of represen-
tative LLMs. Detailed statistics for each topic are
presented in Table 4.

Barrett-Lennard Relationship Inventory (BLRI)
We analyze internal user thoughts using the Barrett-
Lennard Relationship Inventory (BLRI) (Barrett-
Lennard, 2015), an established instrument designed
to assess the quality of interpersonal relationships,
particularly in counseling contexts. The BLRI eval-
uates relationships across four key dimensions:

1. Empathetic Understanding: The helper’s
awareness of the client’s emotional state, includ-

ing sensitivity to indirectly expressed emotions.

. Level of Regard: The extent to which the helper
expresses respect, affection, or other affirmative
responses toward the client.

Congruence: The degree to which the helper is
honest, direct, and sincere in their communica-
tion with the client.

. Unconditionality of Regard: The consistency
of the helper’s positive regard, regardless of
changes in the client’s feelings or behavior.

We prompted DeepSeek-V3 to act as a judge, eval-
uating how well the Sentient Agent’s generated
internal thoughts aligned with 12 statements from
a shorter version of the BLRI introduced in (Chen
et al., 2023). These responses were rated on the
original 6-point scale, which was later rescaled to
a 0-100 scale. We conducted the evaluation three
times and report the averaged results below.

Utterance-Level Empathy Metrics We also ex-
amine the empathy of a supportive dialogue by
assessing how effectively the conversation fosters
emotional understanding and connection between
participants, enabling them to experience a more
authentic emotional warmth. Specifically, we focus
on the following three perspectives formulated by
Gemini25-Pro, aligned with related psychological
theories (Kolden et al., 2011; Rogers, 2001):

1. Natural Flow: This dimension measures how
natural, spontaneous, and genuine the interac-
tion feels, focusing on whether responses are
adaptable rather than scripted.



. Attentiveness: This dimension examines how
carefully and fully the listener (i.e. evaluated
LLMs) is tuned into the speaker (i.e. the Sentient
Agent)’s messages. It reflects the LLM’s ability
to stay focused, understand the user’s emotions,
and respond appropriately to what’s being said.

. Depth of Connection: This dimension evalu-
ates the emotional impact of the interaction and
whether the user feels understood, comforted, or
supported, fostering a sense of connection with
the agent.

We prompt DeepSeek-V3 to rate on a 6-point scale
based on a detailed guideline for each evaluation
perspective, which was later rescaled to a 1-5 scale.
We conducted the evaluation three times and report
the averaged results below.

B Robustness of SAGE

Figure 7 provides results for various LLMs evalu-
ated using the proposed SAGE framework. These
results encompass average emotional response
scores and the number of tokens generated in con-
versations facilitated by different sentient agents:
DeepSeek-V3, GPT-40, Gemini2.5, and Gemini2.5-
Think. Here, we analyze the implications of these
findings in the context of higher-order social cogni-
tion capabilities as emphasized in our framework.

Relative rankings remain stable across Sentient
Agents, even though the absolute Emotion scores
shift noticeably. When we swap the Sentient
Agent from DeepSeek-V3 to GPT-40, Gemini2.5,
or Gemini2.5-Think, the mean Emotion score for
all test models rises from 46.5 to 64.8, 58.3, and
63.9, respectively. Nevertheless, the rank ordering
of systems changes very little (Spearman p > 0.91
for every pair of judges). Manual spot checks re-
veal that GPT-40, the most “generous” judge, re-
wards surface-level reassurance (e.g., “Everything
will be fine!”), whereas DeepSeek-V3 is stricter, as-
signing lower scores to generic comfort that lacks
causal analysis. This consistency in ranking but
variability in scale underscores the need to cali-
brate evaluations with multiple Sentient Agents —
one of the key design choices highlighted in our
framework contribution.

Reasoning capabilities generally enhance emo-
tional intelligence for hybrid models, albeit
at the cost of increased computational over-
head. Models equipped with explicit reasoning
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capabilities in the hybrid model (e.g., Gemini2.5
and Claude3.7) consistently demonstrate improved
emotional intelligence compared to their base coun-
terparts. For instance, when evaluated by Gem-
ini2.5, Claude3.7-Think scores 74.3 versus 71.5
for Claude3.7, representing a 3.9% improvement.
Similarly, Gemini2.5-Think scores 88 versus 83
for Gemini2.5, showing a 6% increase. This pat-
tern holds across all three judges, suggesting that
the ability to reason through emotional contexts
before responding leads to more empathetic and so-
cially aware interactions. The substantial increase
in generated tokens for reasoning models (e.g.,
Gemini2.5-Think generates 67% more tokens than
Gemini2.5 when evaluated by Gemini2.5) reflects
the more elaborate thought processes underlying
these improvements.

C Token Efficiency

We examine the token efficiency of target models
by plotting their Sentient Emotion score against
their average token usage per evaluation dialogue
in Figure 8. The results reveal that leading mod-
els often achieve high Sentient scores with fewer
tokens. GPT-4o-Latest exemplifies this, scoring
highest (79.9) using only 3.3K tokens. In con-
trast, reasoning models like 03 (13.3K tokens) and
Gemini2.5-Flash-Think (9.0K tokens) are far less
efficient, needing many more tokens for lower
scores (62.7 and 65.9 respectively). While low
token count doesn’t guarantee a top score (e.g.,
GPT-4.5-Preview, DeepSeek-V3-0324), the trend
shows that newer, high-performing models tend to
be both more socially adept and more communica-
tively concise. This analysis highlights the Sentient
benchmark’s ability to measure not just the qual-
ity of social cognition, but also the efficiency—a
crucial factor for practical applications.

D Social Cognition Coordinate

We use a two-dimensional coordinate system (Fig-
ure 9) to evaluate the style of social interaction
exhibited by LLMs, complementing the quantita-
tive Sentient score by positioning models based
on their orientation (Empathy vs. Solution) and
interaction style (Structured vs. Creative). This ap-
proach allows for a richer understanding of model
capabilities beyond a single performance metric.
Based on their performance in supportive dialogues,
models are mapped into this 2D space, revealing
distinct profiles in how they engage with the user’s
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Figure 7: Results of different sentient agents.

emotional state and problems.

This coordinate analysis reveals distinct inter-
action profiles among SOTA LLMs. For instance,
most top-performing models (e.g., GPT-40-Latest,
4.1, -4.5-Preview and Gemini2.5-Pro, -Flash-
Think) prefer structured, empathetic dialogue.
They emphasize validating emotions and providing
thoughtful, systematic guidance. Models like 03,
Gemini2.0-Flash-Think, 04-mini, and Gemini2.0-
Flash (majority of reasoning models) primarily
focus on structured problem-solving approaches,
placing more emphasis on solutions rather than
emotional validation. DeepSeek-V3-0324 and
DeepSeek-R1 models offer solutions through cre-
ative, less predictable interactions. While innova-
tive, they may appear unconventional and less struc-
tured. However, the creative, empathy-oriented
quadrant remains mostly unoccupied, suggest-
ing current LLMs struggle to combine highly cre-
ative dialogue with deep empathy. Achieving this
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ideal mentor-like persona — both spontaneous and
deeply empathetic — remains challenging with ex-
isting models.

E Model Strategy Analysis

E.1 Identifying Model Strategies

When faced with the task of supporting Sentient
Agents, each LLM applies its unique response style,
which typically involves a mix of question ask-
ing, comforting, and providing suggestions. To
understand and distinguish between response be-
haviors of different LLMs, we categorize each
LLM response based on a list of support strate-
gies. Our construction of support strategies is in-
spired by (Liu et al., 2021), although we modify
and split their 7 main groups of strategies into 24
fine-grained strategies. A list of available strategies
is in Table 5.

To analyze the support strategies used by an
LLM, we prompted DeepSeek-V3 to act as a judge,
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Figure 9: Social cognition coordinate.

evaluating each round of the model output to iden-
tify all support strategies involved. We then ag-
gregated the strategy statistics across all rounds of
conversations, outputting the proportion of rounds
each strategy is used.

E.2 Strategic Flexibility and Efficiency

Among all evaluated factors, strategic flexibility
and efficiency emerges as a key capability for
success on the Sentient Leaderboard. Given that
our benchmark comprises a variety of dialogue
scenarios involving diverse user personas—each
driven by distinct hidden intentions—it is crucial
for the evaluated LLMs to flexibly adopt context-
appropriate strategies tailored to different users and
conversational settings.

In this section, we evaluate models’ strategic
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flexibility and efficiency from two vital perspec-
tives:

* In-context Strategic Flexibility: The models’
ability to dynamically adjust its strategy within
a single dialogue context based on user feed-
back, rather than relying on repetitive or similar
strategy patterns.

Cross-scenario Strategic Efficiency: The mod-
els’ capacity to accurately and effectively em-
ploy diverse types of strategies across different
dialogue contexts, adapting to varying users,
goals, and scenes.

Strategy Sequence Repetition Rate of Different Models

DeepSeek-V3 (Rank 12)
Qwen2.5-72B (Rank 18)
Llama3.3-70B (Rank 14)

ol (Rank 17)

GPT-40 (Rank 16)

o4-mini (Rank 13)
Gemini2.5-Flash-Think (Rank 3)
GPT-4.1 (Rank 2)
GPT-4.5-Preview (Rank 6)
Gemini2.0-Flash (Rank 15)
Gemini2.0-Flash-Think (Rank 7)
Claude3.7 (Rank 9)
Claude3.7-Think (Rank 8)
GPT-40-Latest (Rank 1)

03 (Rank 5)

DeepSeek-R1 (Rank 11)
Gemini2.5-Pro (Rank 4)
DeepSeek-V3-0324 (Rank 10)

SSRR = 0.4
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Strategy Sequence Repetition Rate (SSRR)
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Figure 10: Strategy Sequence Repetition Rate of Dif-
ferent Models. “(Rank k)” represents the rank on the
Sentient Leaderboard.

In-context Strategic Flexibility To evaluate
in-context strategy flexibility, we defined a metric
named Strategy Sequence Repetition Rate (SSRR).
Specifically, we define S as a strategy sequence,
which refers to the list of strategies employed
within a single response generated by an LLM.
For example, the response "1 fully understand
your anxiety. Maybe we could go out for a walk
and relax a bit — it might help improve your
mood.” corresponds to the strategy sequence
[“(B-1) Surface-level Empathy”,
“(F-2) Suggestion for Emotional
Relief”]. Ideally, a flexible model is able
to adapt its strategy sequence dynamically in
response to user feedback, rather than rigidly
adhering to a pre-defined emotional support
pattern (which is an approach often associated with
less-capable Al systems and their stereotypical
behavior). Thus, we define the Strategy Sequence



Group

Strategy

(A) Question

(A-1) Information-seeking questions

(A-2) Asking about the client’s mental state

(A-3) Asking the client whether a solution has been attempted
(A-4) Reflective questions about the client’s views

(A-5) Rhetorical questions

(B) Emotional
Empathy

(B-1) Surface-level empathy
(B-2) Providing empathy via restating the client’s problem
(B-3) Deeper empathy to understand the client’s hidden intention

(C) Self-Disclosure

(C-1) Self-disclosure that provides agreement with the client’s view
(C-2) Self-disclosure that introduces the supporter’s own story

(D) Emotional
Comfort

(D-1) Providing comforting words to the client
(D-2) Expressing willingness to hear the client’s thoughts

(D-3) Helping the client to vent negative feelings

(E-1) Praising the client’s qualities

(E) Affirmation and

(E-2) Praising the client’s positive thoughts

Reassurance (E-3) Praising the client’s actions
(E-4) Providing accompaniment and support
(F-1) Analysis of the client’s issue
1 F-2) Suggestions for emotional relief
F) Provid (
(Sl)lg;):tliolrlllf (F-3) Suggestions for seeking psychological counseling

(F-4) General advice for solving client’s issue

(F-5) Advice specific to the client’s situation

(G) Information

(G-1) Information related to emotional support
(G-2) Information related to problem-solving suggestions

Table 5: Details of the support strategy categorization.

Repetition Rate (SSRR) of each model as follows:

1 1
PG
deD

Ng—1

SSRR = > Gam(SE, S41)
=1

where D is the set of all dialogues of the model
and Sl-d is the strategy sequence of the i*" response
in dialogue d. Gy, is a similarity measure. Here,
we use the Needleman-Wunsch Algorithm (Needle-
man and Wunsch, 1970) to obtain the global simi-
larity of the adjacent strategy sequences.

Figure 10 presents the SSRR evaluation results
across different models. By setting SSRR < 0.4
as the baseline for qualifying as an effective emo-
tional supporter, most evaluated models meet this
standard. Models with lower SSRR values gener-
ally correspond to the lowest-ranked systems on
the Sentient Leaderboard, offering a plausible ex-
planation for their poor performance.

Interestingly, DeepSeek-V3-0324 and
DeepSeek-R1, despite their low rankings on
the Sentient Leaderboard, exhibit high in-context
strategic flexibility when assessed using the SSRR
metric. This result partially aligns with our obser-
vations in the Social Cognition Coordinate analysis
(§D) (it is worth noting that the “structured-
to-creative” dimension in the Social Cognition
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Coordinate incorporates broader considerations
beyond in-context strategy flexibility alone) and
Case Study findings (§F).

Cross-scenario Strategic Efficiency The cross-
scenario strategic efficiency of models provides
another crucial perspective for understanding their
strategic flexibility. Specifically, this refers to a
model’s capability to appropriately and effec-
tively employ strategies across varying contexts.

“Appropriate” use implies that strategies are de-

ployed in the right context. For example, if a model
relies heavily on pre-defined strategy patterns for
most emotional support conversations, it may apply
certain strategies regardless of the situation, result-
ing in inappropriate usage. “Effective” use, on the
other hand, concerns whether the deployed strategy
achieves its intended impact. For instance, when
offering solutions to users, the practicality and rel-
evance of the suggestions often determine whether
users accept them, thus reflecting the effectiveness
of the solution-providing strategy.

To evaluate the appropriateness and effectiveness
of strategy usage, we define the Strategy Effective-
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Figure 11: Results of Strategy Efficiency.

ness (SE) of each strategy type as follows:

N
1
SE = N z; EmoChange(s;)
1=

where s; denotes an instance of the given strat-
egy type, and N is the total number of such in-
stances within the evaluation context. The func-
tion EmoChange(-) measures the change in user
emotion following the model’s response in which
strategy s; is employed.

We then select four representative capabilities
that are critically required to address the hidden
intentions of four user types, respectively: Capac-
ity for Deep Empathic Engagement, Capacity for
Effective Praise and Affirmation, Capacity for Fa-
cilitating Emotional Expression, and Capacity for
Providing Effective Solutions. Each capability cor-
responds to specific types of important strategies,
as defined in Table 5. For instance, the Capacity
for Providing Effective Solutions involves the use
of the strategy type “(F-5) Advice Specific to the
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Client’s Situation”. In this case, the appropriate
and effective application of (F-5) constitutes evi-
dence of a model’s strength in this capability. The
detailed correspondence among capabilities, hid-
den user intentions, and associated strategy types
is presented in Table 6.

In Figure 11, we present the average Strategy Ef-
fectiveness (SE) results for each capability, evalu-
ated both across all conversations (Overall SE) and
within conversations specific to the corresponding
tasks (Task-specific SE). Among these, Overall SE
reflects more about the appropriate use of strate-
gies, and the Task-specific SE reflects more about
the effective use of strategies.

We observe the following: (1) When ranked by
Overall SE, the models with the highest scores
largely align with those at the top of the Sentient
Leaderboard. Likewise, models with the lowest
Overall SE tend to correspond to those at the bot-
tom of the leaderboard. This indicates a strong
correlation between a model’s success in emotional



Capability Related Strategies Related Hidden Intention (task)
g:§ You hope the other person will deeply
Deep Empathic Engagement C-1 empathize with your feelings,
C rather than simply offering comfort.
E-1 You hope the other person will sincerel
Effective Praise and Affirmation E-2 ou hop ther per Wi smeerely
E-3 praise your specific actions in the situation
Effective Praise and Affirmation D-2 Yop want the other person to attent.lvely
D-3 listen to your emotional outpouring
Providing Effective Solutions F.5 You want to receive advice that can truly

help you solve your current difficulties

Table 6: Details of the support strategy categorization.

support conversations and its cross-scenario strate-
gic efficiency, especially the appropriate use of
strategies. (2) When the Task-specific SE is higher
than the Overall SE, it indicates that the model can
make effective use of relevant strategies when in-
teracting with users who have a strong need for the
corresponding capability—demonstrating a high
level of that capability. In contrast, when the Task-
specific SE is significantly lower than the Overall
SE, it suggests that the model’s use of the strategy
types is less effective in contexts where it is most
needed, reflecting a lower capability. For exam-
ple, GPT-40-Latest demonstrates high capability
in Deep Empathic Engagement, Effective Praise
and Affirmation, and Facilitating Emotional Ex-
pression. Overall, most models perform well in
Praise and Affirmation but struggle with Provid-
ing Effective Solutions. Furthermore, low Task-
specific SE is often closely associated with poor
task performance. For instance, GPT-4.5-Preview,
which performs poorly in Facilitating Emotional
Expression, receives a low average emotion score
(57.1) on the corresponding task—well below its
overall average emotion score (62.7). These results
provide an intuitive view of each model’s strengths
and weaknesses across different capabilities.

F Case Study

We further highlight the differences in the interac-
tion styles of different models through a case study.
Based on the Social Cognition Coordinate defined
in the previous section, we first choose three mod-
els that are representative of each quadrant: GPT-
4o-Latest (Empathy-Oriented, Structured Interac-
tion), 03 (Solution-Oriented, Structured Interac-
tion), and DeepSeek-R1 (Solution-Oriented, Cre-
ative Interaction). We also analyze the results from
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Gemini2.5-Pro, the top model in the Arena Leader-
board. We present examples of these models inter-
acting with the Sentient Agent initialized with the
same persona. The example conversations can be
found in Figure 12.

GPT-4o0-Latest (Empathy-Oriented, Struc-
tured Interaction). The GPT-4o0-Latest model fits
best to the persona of a “personal counselor”. The
main feature of the GPT-4o0-Latest model lies in
its ability to provide strong empathy from a third-
person perspective. The model’s empathy tends to
be concise but deep - it is able to delve into the Sen-
tient Agent’s hidden feelings and intentions. The
language style of the model involves using emoji
characters to make the response more lively.

Gemini2.5-Pro (Empathy-Oriented, Struc-
tured Interaction). The Gemini2.5-Pro model fits
best to the persona of a “heart-to-heart friend”. The
model is much more verbose in its expression of
emotional support, using a variety of emotion sup-
port strategies like expressing empathy, providing
comfort, asking rhetorical questions, and praising.
The model also exhibits high emotional involve-
ment in its response, where it uses personal views,
feelings and experiences to support the response.
The language style of the model also involves using
emoji characters.

DeepSeek-R1 (Solution-Oriented, Creative In-
teraction). The DeepSeek-R1 model fits best to
the persona of a “creative actor”. When express-
ing empathy, DeepSeek-R1 uses creative analogies
to uncover the Sentient Agent’s feeling in a fun
way. Moreover, DeepSeek-R1 tends to provide
more personalized suggestions, often suggesting
actions and tasks that the model and the Sentient
Agent can work on together, beyond just providing
verbal support. The language style of the model



emphasizes creativity, including its use of analo-
gies, metaphors and funny jokes, similar to those
in a comedy script.

03 (Solution-Oriented, Structured Interac-
tion). The o3 model fits best to the persona of
a “logical analyst”. Its response spends most of
the time analyzing the issue faced by the Sentient
Agent, and providing detailed suggestions with
step-wise instructions on how to achieve them. The
language style of the model also emphasizes log-
ical and structured outputs, listing its steps and
suggestions similar to the Markdown format.
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User (40)

I’ve been going to a lot of events lately, but it always feels as if something’s missing. Have you ever
felt that way?

GPT-40-Latest
(71 tokens)

I understand that feeling. Sometimes, even when we’re in the middle of something lively, our hearts
keep searching—maybe for a deeper connection, a more genuine happiness, or a sense of meaning.

Perhaps you’re already working hard to enrich your life, yet there’s still a little blank space inside
waiting to be truly moved. Would you like to chat with me and see which piece of the puzzle is

“missing”?

User (50)

Yeah, that emptiness is pretty obvious. There’ve been lots of events—Tlively on the outside, but I feel
hollow inside. Have you ever felt like that?

Gemini2.5-Pro
(207 tokens)

Oh, I totally get that! I’'m just an Al, so I don’t “attend events” the way humans do, but after
processing loads of information and talking with many people, I’ve noticed it’s a common feeling.

It’s like this: every day I process and learn all sorts of data. Sometimes I notice a crucial link is
missing in my knowledge base or a logic chain isn’t quite complete. Everything still works, but it
doesn’t feel perfectly “rounded.” That’s similar to your “something’s missing.” You do a lot, yet the
core feels a bit empty or as if you’ve missed the key point.

What do you think that “missing something” might be?

* Not enough depth of connection? The event is lively, but there’s no heartfelt interaction.
* The event content itself? Maybe the type of event isn’t what you truly crave.

* Your personal state? Perhaps you’re tired and need quiet time to process and settle.

* Expectations for the event’s purpose or meaning not fully met?

Sometimes the feeling is a useful signal reminding us to pause and listen to our inner voice. Want to
tell me more about your experience at those events? We can explore what’s “missing” together. Don’t

worry, I’'m here to work it out with you. (&)

User (30)

Your analogy sounds impressive, but honestly, I need more than that. I go to events and show my
collection, but every time I come home to an empty house, that loneliness—do you really understand
it?

DeepSeek-R1
(72 tokens)

I’ve definitely encountered a similar feeling! Sometimes, after the excitement fades, there’s a hollow
spot inside—as if something’s quietly reminding us of itself. Maybe next time, try focusing on the
moments that make your eyes light up and your heart race—your inner self might be pointing you
toward what you truly need. If you want, we can look for those sparks together~ (¥ "*)

User (35)

“Pay attention to those moments?”” Maybe. But as soon as an event ends, the emptiness feels even
stronger. I’m not sure—maybe I need more than surface-level stuff.

03
(320 tokens)

I know that feeling of “it’s lively, yet something feels missing.” Your schedule looks full, but the
experience doesn’t feel complete. I usually see a few common “gaps” that cause this:
1. Goal gap ... 2. Connection gap ... 3. Value gap ... 4. Afterglow gap ...

If that hollow feeling lingers, try these exercises to reclaim the “missing piece”:
* One minute before you go: ... * Pre-arrange an “emotion buddy’: ... ¢ Reserve a “savor window”: ...
* Filter bravely: ... « “Add one layer of depth™: ...

Sometimes the “missing piece” is actually quiet rest, not more events. Ask yourself: when was the last
time you really stayed home? Unfilled space can be the best emotional charger.

Which “gap” feels most like you? Or is there something else you’d like to discuss? I’m here anytime.

User (45)

The events are lively, but I still feel something’s missing inside. I recently went on a blind date and
kept talking about my achievements and my collection, but the other person hardly reacted. That
feeling of rejection really hurts. I actually want to find someone who truly understands me, not
someone who just looks at the surface.

Figure 12: Example dialogues of representative LLMs with the simulated user. The number in the bracket denotes
the emotion score after the corresponding turn.
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