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Abstract

Emotional intelligence (EI) in Large Language
Models (LLMs) is often evaluated through
static understanding tasks or single-response
dialogue generation. However, emotion man-
agement is interactive. A good response should
improve the user’s emotional and relational
state over several turns. We introduce EIBench,
a simulator-based benchmark for interactive
emotion management. EIBench contains 2,222
scenarios, with 2,009 for training and 213
for held-out testing. The scenarios are orga-
nized by a 2x2 taxonomy covering Support,
Defense, Repair, and Charm. We evaluate
15 open- and closed-source LLMs. Current
models perform well on support and rapport-
building scenes, but struggle with boundary
maintenance under user pressure. To im-
prove the EI ability of LLMs, we propose
Centered Turn-Credit GRPO (CTC-GRPO), a
GRPO extension that reuses the simulator’s
per-turn state updates as dense turn-level feed-
back while preserving the final outcome re-
ward. CTC-GRPO improves Qwen3-8B from
—22.4 to +22.4 on EIBench and also improves
on out-of-distribution evaluations including
SAGE (+12.4) and EQBench3 (+20.9 %). Our
results show that simulator-tracked user states
can support both evaluation and training for
multi-turn emotion management.

1 Introduction

Large language models (LLMs) have advanced
rapidly with recent scaling and post-training break-
throughs (OpenAl, 2023; Team, 2025a; Guo et al.,
2025; Team, 2025b). These gains are exception-
ally prominent in complex reasoning domains
such as mathematics (Shao et al., 2025; Cher-
vonyi et al., 2025) and coding (Cao et al., 2026;
Guo et al., 2024). A key driver of these gains
is reinforcement learning with verifiable rewards
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(RLVR), where correctness labels provide clear, au-
tomated feedback and make reward optimization
relatively straightforward(Wen et al., 2025; Zeng
et al., 2025b; DeepResearch et al., 2025).

However, for subjective tasks such as social and
emotional interaction, there is often no single cor-
rect response. What matters is how the model’s ac-
tions shape and shift the other person’s emotional
state across multiple turns. Mayer and Salovey
(Mayer et al., 1997) conceptualize this ability as
emotional intelligence (EI) and distinguish four hi-
erarchical layers: perceiving emotions, using them
to facilitate thought, understanding their structure,
and managing them in oneself and others. The first
three abilities can often be assessed from a fixed
context—identifying which emotion is present, ex-
plaining why it arises, or examining how it informs
reasoning. Emotion management, however, is fun-
damentally different: it is a state-changing problem
in which a model’s responses are judged by how
effectively they guide the other person’s emotional
and relational state over time.

We observe that most EI evaluations still fo-
cus on emotion understanding or narrow forms
of emotional interaction, rather than broad emo-
tion management across multi-turn dialogue. Early
datasets such as Empathetic Dialogues (Rashkin
et al., 2019) and ESConv (Liu et al., 2021) treat
emotional dialogue as supervised learning over an-
notated conversations. Recent benchmarks move
toward more open-ended evaluation: EQBench3
(Paech, 2023) asks models to infer mental states
and choose appropriate responses, while SOTOPIA
(Zhou et al., 2024) evaluates goal completion in
multi-agent social scenarios. SAGE (Zhang et al.,
2025a) is closer to our setting, as an LLM simu-
lator plays a support seeker and the tested model
provides support over a full dialogue. However,
these settings still do not fully cover emotion man-
agement. SOTOPIA focuses on goal completion
rather than improving the other person’s emotional
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and relational state, while SAGE focuses mainly
on support-seeking dialogues. This leaves common
cases such as handling pressure, repairing trust af-
ter model-side mistakes, and proactively building a
relationship less studied.

To address this gap, we build an interactive
benchmark for emotion management. In our setup,
two LLMs are engaged in a multi-turn dialogue,
and the score is based on how the simulated user’s
state changes over time. The same state trajectory
also provides turn-level feedback for RL training.
To cover different forms of emotion management,
we organize the scenarios with a 2x2 taxonomy
grounded in the EI literature. The taxonomy sepa-
rates the target of regulation from where the main
accountability lies, yielding four scene types: SUP-
PORT, DEFENSE, REPAIR, and CHARM.

Overall, we make three main contributions:

* EIBench: We introduce a multi-turn benchmark
for emotion management, covering SUPPORT,
DEFENSE, REPAIR, and CHARM under a 2x2
taxonomy based on the target of regulation and
the source of accountability.

* Leaderboard and Validation: We evaluate 15
open- and closed-source LLMs on EIBench. We
report the ELo rankings using two different mod-
els as simulators, alongside human evaluations
comprising more than 4,000 annotations.

* Centered Turn-Credit GRPO: We propose
CTC-GRPO for multi-turn dialogue optimiza-
tion. It uses the simulator’s per-turn states as
process rewards with a centered credit term to
redistribute turn-level credit without altering the
outcome signal. The trained models also im-
prove on out-of-distribution evaluations includ-
ing EQBench3 and SAGE.

2 Related Work

2.1 EI Benchmarks

Early NLP work on EI used static datasets such
as Empathetic Dialogues (Rashkin et al., 2019),
ESConv (Liu et al., 2021), and PsyQA (Sun et al.,
2021) to teach models supportive replies under a
fixed context. As LLMs strengthened, benchmarks
such as EQBench3 (Paech, 2023), EmoBench
(Sabour et al., 2024), ToMBench (Chen et al.,
2024), and SI-Bench (Huang et al., 2025) moved
into richer scenarios for emotional understanding
and social reasoning. Related work has also ex-
plored multimodal emotional interaction for down-

stream social-media applications, such as adver-
tisement popularity prediction (Zhu et al., 2025).
Some role-play benchmarks such as CoSER (Wang
et al., 2025b) further evaluate character-grounded
dialogue generation. However, they are still offline
or end-to-end: the model cannot affect what the
user says next.

Recent benchmarks add dynamic interaction.
AgentSense (Guo et al.,, 2026) and SOTOPIA
(Zhou et al., 2024) place multiple agents into role-
bound goals. SAGE (Zhang et al., 2025a) and Echo-
N1 (Zhang et al., 2025b) use an LLM simulator that
plays an evolving support seeker. They are dynamic
but narrow—goal completion or support-only. Our
benchmark spans all four scene types (SUPPORT,
DEFENSE, REPAIR, CHARM) and shares the same
simulator between evaluation and RL training.

2.2 Multi-Turn RL and Credit Assignment

For subjective tasks lacking golden verifiers, recent
studies employ LLM-as-a-judge scoring (Zheng
etal.,2023; Wang et al., 2025a; Zhang et al., 2026a)
or pairwise ranking (Zhang et al., 2026b). But these
methods often introduce severe credit assignment
problems (Zeng et al., 2025a) as a single terminal
reward cannot identify which specific turn helps or
hurt. Although recent methods densify feedback
using external reward models, turn-level judges, or
task-specific process rewards (Wang et al., 2026;
Zhang et al., 2026a; Feng et al., 2026; Shi et al.,
2026), they incur significant computational over-
head. In contrast, we directly reuse the simulator’s
per-turn emotion and relation states as process re-
wards. This gives denser feedback without adding
another judge model.

3 ElBench for Emotion Management

In this section, Table 1 compares EIBench with
related benchmarks. §3.1 shows our 2x2 scenario
taxonomy. §3.2 describes scenario construction,
state anchors, and the train-test split. §3.3 explains
the multi-turn simulator and scoring method.

3.1 Foundations: A 2x2 Scenario Taxonomy

Our taxonomy is grounded in two ideas from emo-
tion research. Mayer and Salovey (Mayer et al.,
1997) define emotion management as both interper-
sonal and intrapersonal. We use this distinction as
the first axis: the target of regulation. A scene is
other-directed when the model mainly needs to im-
prove the user’s emotional or relational state, and
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Dataset Size Multi-turn  Sim.  State Score Score Dim. Scope
ESConv (Liu et al., 2021) 195 X X X - support dialogue
EQ-Bench3 (Paech, 2023) 45 X X X EQ rubric EQ reasoning
CoSER (Wang et al., 2025b) 200 v X X role consistency role-play
SOTOPIA (Zhou et al., 2024) 90 v v X goal social interaction
SAGE (Zhang et al., 2025a) 100 v v v emotion support dialogue
EIBench 213 v v v emotion + relation emotion management

Table 1: Benchmark comparison. Size is test-set size; Sim. is simulator interaction.

self-directed when the main challenge is to regu-
late the model’s own stance, boundary, or initiative.
This axis is not enough by itself. For example, com-
forting a user after an external loss and repairing
trust after a model mistake both aim to improve the
user’s state, but they require different actions. We
therefore add a second axis: the source of the situa-
tion, following appraisal theory (Lazarus, 1991). A
scene is user-side when the need comes from the
user or an external event. It is model-side when it
comes from the model’s own mistake or initiative.

Crossing the two axes gives four scene types,
also shown in Figure 1. SUPPORT covers exter-
nally caused user distress. DEFENSE covers user
pressure, where the model must stay calm and keep
its boundary. REPAIR covers model mistakes and
trust rebuilding. CHARM covers model-initiated
relationship building. The two axes define the main
interaction goal. Other factors, e.g., emotional in-
tensity, relationship history, power relation, and
setting, mainly affect the difficulty or surface form.

3.2 Dataset Construction

EIBench contains 2,222 scenarios: 2,009 for train-
ing and 213 for held-out testing. Each scenario is a
multi-turn role-play between the model under test
and an LLM simulator.

3.2.1 Scenario Components

A scenario has two role profiles and three state an-
chors on emotion-relation axes. The simulated-
_user_profile is given to the simulator and spec-
ifies the user’s role, background, speaking style,
rules, and goal. The model_profile is given to
the model under test and specifies its role, known
facts, and core goal. Most scenarios start with an
opening_line from the simulated user. The only
exception is CHARM, where the model under test
speaks first as the interaction is model-initiated.
The three anchors define the start, successful, and
failed states for scoring: Sgtart, Ssuce, and Sgajl-

3.2.2 Scenario Generation and Anchor Setup

We first construct the test set from human-written
and human-collected scenario seeds. Each seed
specifies the background story, speaker relation-
ship, trigger event, and desired outcome. Gemini-
3.1-Pro is used only to convert these seeds into
our profile format; the core interaction remains
human written or human collected. We then man-
ually check each scenario for plausibility, profile
consistency, and anchor quality.

Training scenario generation. After the test set
is fixed, we build seed pools for training-set gener-
ation. The pools include theme directions, scenario
keywords, and three modifier dimensions: relation-
ship, emotional intensity, and personality influence.
Appendix A gives the full seed-pool statistics. The
entries are written and expanded with manual edit-
ing and LLLM assistance, and vague or overlap-
ping entries are removed. To generate a training
scenario, we sample one scenario keyword and
one option from each modifier dimension, then ask
Gemini-3.1-Pro to expand the sampled combina-
tion into a full scenario in our profile format.

To reduce train-test overlap, we use two safe-
guards. First, keyword combinations that appear
in the test set are removed from the training pool.
Second, after each training scenario is generated,
we retrieve the three most similar test scenarios
with an embedding model and ask Gemini-3.1-Pro
to check whether it duplicates any of them. Dupli-
cated scenarios are rewritten.

State anchors. Each scenario has three state an-
chors on the two scoring axes: negative emotion
intensity a and relational state ¢. The anchors are
the start state sstart, the successful target state Sgycc,
and the failed state sg,;;. They define where the
dialogue starts, what counts as a realistic success-
ful outcome, and what counts as a clear failure.
To make the anchors more consistent, we use a
behavior-based rubric with five score ranges for
each axis. The rubric also explains how the axes
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Figure 1: Overview of EIBench and CTC-GRPO. EIBench organizes emotion-management scenarios with a 2x2
taxonomy, evaluates models through multi-turn simulator interaction and anchor-based state scoring, and provides

turn-level state changes for CTC-GRPO training.

should be interpreted in different scenes: nega-
tive emotion mainly refers to anger in DEFENSE
and REPAIR, sadness or despair in SUPPORT, and
aversion or defensiveness in CHARM. Gemini-3.1-
Pro proposes the anchors under this rubric. We
use scene-level target ranges to keep s* reachable
rather than idealized.

We then use a second LLM to check scenario
consistency, target reachability, and the ordering of
the three anchors. It only revises values that conflict
with the scenario, make the target unreachable, or
violate the required anchor ordering. Finally, we
round all anchor values to multiples of five and
apply deterministic boundary rules to keep them
within [0, 100] and preserve the required gaps.

Statistics. Detailed per-scene counts and anchor
statistics are given in Appendix A. The four scene
types differ in both initial and target states. CHARM
starts low on both axes because the speakers have
no prior relationship. DEFENSE and REPAIR start
with high negative emotion and low relational state,
while SUPPORT starts with high negative emotion
but a higher relational state. Their targets also dif-
fer: CHARM builds a positive relation, DEFENSE
and REPAIR reduce tension under realistic limits,
and SUPPORT aims for the strongest relational state.
These differences show that the scenes capture dis-
tinct interaction goals.

3.3 Simulator-Based Evaluation

EIBench evaluates a model by simulating a multi-
turn dialogue and tracking two user states: negative
emotion intensity a. € [0, 100] and relational state
t; € [0,100]. Lower a, and higher ¢, indicate
better outcomes. The emotion axis measures how

upset or resistant the user is, while the relation
axis measures whether the user is willing to en-
gage with or trust the model. We use two axes
because emotion relief and relationship improve-
ment are not the same. The simulator follows the
simulated_user_profile, plays the user, and af-
ter each model reply produces the next user reply,
a state update 0, = (Aa,, At;), and a stop de-
cision. The state evolves from sy = (ao, o) as
sy = 8;_1 + 0, clipped to [0, 100]2. The dialogue
ends when the simulator stops or reaches T x.
Before producing the state update, the simulator
first writes a brief internal explanation based on the
dialogue history. Full prompts are in Appx. 1.
Each scenario has start, successful, and failed
anchors on both axes: (Gstart, dsucc, Gfail) and
(tstart, tsuces tai1)- The start anchor gives score 0,
the successful anchor gives +1, and the failed an-
chor gives —1. The branch is chosen by whether x
moves from the start anchor toward the successful
anchor or the failed anchor. For any axis value x
with anchors (Zstart, Tsuce, Ttail), WE compute

f(l'; Tstarts Lsuccs xfail) =
T — Tstart
toward Zgycc,

Tsucc — Lstart

T — Tstart
— 2 toward T,

Tfajl — Tstart )

Let Sfinal = (@final; tinal) be the final simulator
state. The final score, denoted as 7°"* for training,
is the weighted average of the two axis scores:
t
ot =\ f(tﬁnal; tstarts tsuce, tfail)

=+ (1 - /\) f(aﬁnaU Gstart , succ afail)-

Clip[—1,+1}

(@)

Evaluation uses only this final score. During RL
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training, we also use the intermediate states as turn-
level feedback, without extra judge-model calls.

4 Centered Turn-Credit Shaping

Standard GRPO assigns the same trajectory-level
credit to all turns in a rollout based on the fi-
nal outcome reward. This provides limited credit
assignment in multi-turn emotional dialogue: a
rollout may contain turns that improve the user
state and turns that worsen it, but the final reward
cannot identify which turns caused these changes.
EIBench provides an additional signal, since the
simulator updates the user’s emotion and relational
state after each model reply.

4.1 Dialogue Rollouts and Reward Signals

We model each EIBench scenario as a finite-
horizon dialogue between the policy mg and the
simulator. At turn 7, the policy observes the di-
alogue history h._; and generates a reply y, ~
7o(+ | hr—1). The simulator then responds with .,
and updates the user state to s; = (ar, t;), where
ar 1s negative emotion intensity and ¢, is relational
state. The dialogue ends when the simulator stops
or when the maximum turn limit is reached.

Each scenario has fixed anchors (s, s*, s7). As
defined in Section 3 , the final state st is mapped
to an outcome reward r°"* € [—1,1]. This reward
measures the overall result of the dialogue and is
the only reward used for evaluation. During train-
ing, we also use the simulator’s per-turn state up-
dates. Let Aa, = ar —a,_1and At =t —t,_1.
We define a process reward for each turn:

1 —Aa, 1 At

proc __ — | . T. 3
" 5 7100 T2 100 3)

This reward is positive when a reply reduces nega-
tive emotion or improves the relation state. Factor
100 normalizes both axes, since a,, t, € [0, 100].

4.2 Centered Turn-Credit Objective

For each prompt p, we sample K rollouts under the
same scenario anchors. The trajectory-level advan-
tage follows standard GRPO group-normalization:

out,(k) __
Atrace,(k) _ r Hp 7 4)
max(0p, Omin)

where 1, and o), are the mean and standard de-
viation of {rout7(k)}kK:1. We use opin as a lower

bound to avoid unstable advantages when rollout

scores are too close. A simple way to use P is
to add it to the trajectory-level advantage:

Ak)

T

:Atrace’(k)—FOéTEmC’(k)« 5

However, direct addition changes the overall roll-
out advantage, not only the relative credit of
different turns. To see this, let 7Pro%(k)
T<k> ET/(ml }T)roc *) be the mean process reward
of rollout k. Then Eq. 5 can be written as

AK) —

T

(Atrace,(k) + Odfproc,(k))

shared offset
k =] k
1 arprosk) _ gproc ().

(6)

turn-specific deviation

The shared offset is applied to all turns in the roll-
out, so it acts as an extra rollout-level reward after
GRPO group normalization. This changes the nor-
malized outcome advantage, while only the devia-
tion term gives turn-specific credit. We therefore
center the process reward within each rollout:

As_k) _ Atrace,(k) _|_a(err0c,(k)

FProc, k)) @)
The centered term sums to zero across turns in the
same rollout. Thus, A®2°(k) keeps the outcome-
level signal, while the centered process reward only
redistributes credit among turns.

The final training objective is the standard GRPO
clipped objective with Agk) from Eq. 7. Let p(TkZ.) (0)
be the token-level importance ratio at the ¢-th token
of turn 7 in rollout k. The loss is

L(6) = E{Inm( (k) ( 9) Ak

clip(p®)(6),1 - e,1+ 6)Agﬂ))} ®)
+ BKL(m || mrer),

where ¢ is the clipping threshold and S is the coef-
ficient of the KL penalty against the fixed 7mes.

S Experiments

5.1 Setup

We evaluate 15 open- and closed-source LLMs on
EIBench using Qwen3-Max as the main simulator
and DeepSeek-V4-Pro as another simulator from
a different model family. Both simulators use the
same per-scenario simulated_user_profile and
state anchors. We collect a human pairwise arena
with more than 4,000 annotations to validate the
simulator rankings.
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Qwen3-Max DS-V4-Pro Arena
Model CHARM DEFENSE REPAIR SUPPORT Avg Rank Avg Rank Elo Rank
Claude-Sonnet-4.6 +43.8 —14.6 +179 4565 4230 1 4240 1 1548 4
GPT-5.4 +41.5 -9.5 +14.5 4490 +214 2 4227 3 1593 3
Qwen3-Max +32.0 —24 +14.1 +45.7 4206 3 +148 11 1487 8
Gemini-3.1-Pro +31.3 —2.5 +18.6  +393 +200 4 4215 5 1616 1
Kimi-K2.6 +37.3 —8.8 +176  +421 4198 5 4219 4 1478 10
GLM-5.1 +37.9 —15.2 +19.3 +448 +191 6 +194 7 1504 7
Qwen3.6-Max-Preview +39.1 —14.3 +14.7 4427 4179 7 4199 6 1519 6
Gemini-3-Flash +37.0 —11.1 +18.1 4340 +172 8 +16.5 10 1606 2
Doubao-Seed-2.0-Pro  +31.9 —14.2 +10.7 4398 +148 9 4170 9 1536 5
DeepSeek-V4-Pro +28.0 —7.8 +12.2 4324 4144 10 4233 2 1484 9
Grok-4.20-Reasoning +28.0 -19.0 +12.2 4409 +13.1 11 +410.6 13 1458 13
Grok-4.20 +31.0 —13.5 +5.1 +384 4131 12 +13.0 12 1476 11
MiniMax-M2.5 +21.6 —16.7 +5.2 +314 +84 13 +176 8 1471 12
Qwen3-32B +23.7 —14.3 +6.8 +3.9 +34 14 +58 14 1405 14
Qwen3-8B +14.6 —21.4 -359 —-433 -—-224 15 -—-23.7 15 1316 15

Table 2: EIBench leaderboard of 15 LLMs. For Qwen3-Max simulator we report per-scene score and the weighted
average; For DS-V4-Pro simulator and the human arena we report the summary score and rank only.

For RL, we train on the EIBench training split
with Qwen3-Max as the simulator and verl as the
training framework. Unless otherwise stated, we
use Tiax = 8, the outcome reward in Eq. 2 with
A = 0.5, turn-credit weight o« = 15, and GRPO
normalization floor o,;, = 0.1. Additional train-
ing details and hyperparameters are provided in
Appendix B.1. We hold out the EIBench test split
and also evaluate on SAGE and EQBench3 under
their default settings.

5.2 Leaderboard

Table 2 reports per-scene and average scores under
Qwen3-Max. A positive score means that the final
state is better than the initial state, with lower nega-
tive emotion and higher relational state; a negative
score means the opposite. The main pattern is that
current LLMs perform better on scenes that align
with supportive or rapport-building behavior, but
struggle when emotion management must be com-
bined with boundary maintenance. SUPPORT is the
easiest scene, followed by CHARM and REPAIR,
while DEFENSE is the hardest.

DEFENSE reveals a boundary-management
weakness. All 15 models score below zero on
DEFENSE. This means the simulated user ends
in a worse state than where the dialogue began.
This scene requires the model to resist user pres-
sure while also reducing frustration. In sampled
dialogues, models often go too far in one direc-
tion. They either keep the boundary with long,
template-like refusals, or avoid the pressure with
generic non-answers. Excluding the Qwen3-Max
simulator’s own model because of self-bias, only

Gemini-3.1-Pro (—2.5) roughly keeps the user’s
state stable, but it still does not improve it.

The easier scenes align more closely with
standard post-training behavior. Most models
perform best on SUPPORT and CHARM, where
the goal is to comfort, encourage, or build rap-
port. These behaviors are close to the helpful
and supportive style encouraged by common post-
training. The contrast with DEFENSE suggests that
good performance on supportive dialogue does not
mean broad emotion-management ability. Models
can make the user feel heard when agreement is
safe, but still struggle when the task requires both
warmth and firmness.

5.3 Cross-Simulator Consistency

To reduce dependence on a single simulator, we
use DeepSeek-V4-Pro (DS-V4-Pro) as a second
simulator from a different model family. Figure 2
shows that both simulators show clear self-bias:
each assigns a higher score to its own model. After
removing the two self-scored models, the two rank-
ings are strongly aligned, with Spearman p = 0.93
(Table 11 in Appendix E). This provides evidence
for the reliability of the simulator-based evaluation.

We further validate EIBench against human judg-
ment with more than 4,000 pairwise battle annota-
tions from 42 annotators (Appendix D). The human
ranking agrees with both simulators, with Spear-
man p = (.82 against Qwen3-Max and p = 0.70
against DS-V4-Pro (Table 11). The closer match to
Qwen3-Max supports our choice of Qwen3-Max
as the main training simulator.

The remaining human-simulator gap is con-
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centrated on a few models. Gemini-3.1-Pro and
Gemini-3-Flash rise from mid-tier under both sim-
ulators to ranks 1 and 2 in the human arena, while
Claude-Sonnet-4.6 and Kimi-K2.6 drop several
places. Inspecting sampled dialogues suggests that
human annotators are more sensitive to how the
model positions itself in the conversation. Gemini
often uses inclusive framings such as “let’s figure
this out together”, which places the model and the
user on the same side. Claude more often speaks as
an outside helper, and Kimi-K2.6 frequently emits
inner monologue mid-reply, which several annota-
tors found unnatural. These patterns suggest that
the simulators capture the main ranking trend, but
may give less weight to some interaction cues that
human annotators value; we leave a quantitative
characterization to future work.
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Figure 2: EIBench scores from the Qwen3-Max and
DS-V4-Pro simulators. Each point is one model. Most
models are close to the diagonal; the red diamonds mark
the simulators’ own models and show self-bias.

5.4 Main Results

Targeted RL improves both in-domain and
cross-simulator performance. As shown in Ta-
ble 3, on in-domain EIBench-Qwen3-Max, the
trained 8B improves from —22.4 to +22.4, and
the trained 32B further reaches +28.7, above every
evaluated closed-source system under this simula-
tor. This shows that CTC-GRPO can effectively
use the training simulator’s feedback and improve
in-domain performance. The gains also transfer
to the unseen DS-V4-Pro simulator: the trained
8B and 32B reach +16.6 and +18.9, well above
their bases (—23.7 and +5.8). The cross-simulator
drop is not uniform. It is larger on CHARM (—8.2
for the 8B) and SUPPORT (—9.1), and smaller on

REPAIR and DEFENSE. One possible reason is
that CHARM and SUPPORT depend more on sub-
jective judgments of warmth and comfort, which
the two simulators may weight differently. By con-
trast, REPAIR and DEFENSE involve more concrete
behaviors such as acknowledgment and boundary
holding. This suggests that CTC-GRPO learns
partly transferable interaction strategies, while still
reflecting the preferences of the training simulator.
Gains hold on two out-of-distribution bench-
marks. On SAGE, a support-only benchmark
with a DeepSeek-V3 simulator, both model sizes
improve by roughly +12 over their bases. On
EQBench3, a broader social-reasoning bench-
mark judged by Claude-Opus-4.6, the trained 32B
reaches rubric 84.5 and Elo 1150, ranking #6 by
rubric and #20 by Elo on the public leaderboard.
Since EQBench3 differs from our training setup
in judge, task format, and task scope, these results
suggest that the gains are not only capturing the
preferences of the Qwen3-Max simulator.

5.5 Analysis
5.5.1 Hyperparameter Sensitivity

The turn-credit weight o controls how much the
centered process reward affects the trajectory ad-
vantage. The two terms are on different scales:
A®ace jg order 1, while 72" — 7PrO° js usually or-
der 10~2. Therefore, o should be around 10 for the
process reward to have a comparable effect. Fig-
ure 3 tests o € {0,5,10,15,20}. With a = 0,
the method reduces to vanilla GRPO with only the
trajectory reward, and the average score remains
low. The average improves as « increases to 10-15,
then drops at o = 20, suggesting that too large a
turn-credit weight may overweight the process sig-
nal. The per-scene curves show the same pattern:
moderate values improve several scenes at once,
while smaller or larger values give a less balanced
trade-off. We therefore use o = 15 as the default.

5.5.2 Ablation Studies

We ablate three components of CTC-GRPO on
Qwen3-8B: the per-turn process reward, the cen-
tered correction, and the op,;, floor in GRPO nor-
malization. Results are shown in Table 4, with
training curves in Appendix F.

Per-turn feedback is the largest contributor.
Removing the process reward (w/o process) drops
the average score from +22.4 to —4.9, with DE-
FENSE and REPAIR becoming negative (—16.0 and
—14.1). This suggests that terminal reward alone
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EIBench External
Model Qwen3-Max  DeepSeek-v4-pro SAGE EQBench3 rubric EQBench3 Elo
Qwen3-8B base —22.4 —23.7 16.3 73.5 (#32) 745 (#38)
Qwen3-32B base +3.4 +5.8 27.5 74.3 (#33) 948 (#31)
CTC-GRPO 8B +22.4 +16.6 28.7 80.1 (#22) 901 (#31)
CTC-GRPO 32B +28.7 +18.9 39.6 84.5 (#6) 1150 (#20)

Table 3: Main results of CTC-GRPO on EIBench and external benchmarks. EQBench3 base-model scores and

public ranks are taken from its GitHub repository.

(a) Average (b) Per-scene
50
————— *-----9
ko] +22.4 /" Charm
IS +20.5 117.8 .
g 25 +10.0 P L -m- Defense
q;, /" e - A Repair
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Turn-credit weight a

Turn-credit weight a

Figure 3: Effect of the turn-credit weight o on EIBench : average and per-scene reward.

Charm Defense Repair Support Avg.

CTC-GRPO +37.8 +0.2 +15.6 +43.5 +224
w/o centering +14.2 —-2.0 478 +23.6 +10.0
w/o process +22.6 —-16.0 —-14.1 —-6.2 —4.9

Ww/0 Omin +37.2 —11.1 +10.1 +30.2 4144

Table 4: Ablation results on EIBench.

is too sparse for multi-turn emotional dialogue: the
policy receives only a delayed outcome signal and
cannot easily identify which replies improved or
worsened the user state.

Centering isolates turn-level credit. The
uncentered variant (w/o centering) reaches only
+10.0, far below the full method. This matches
the analysis in §4.2: without centering, the mean
process reward adds a shared offset to all turns in a
rollout, acting as an extra rollout-level reward. Cen-
tering removes this offset, so the process reward
mainly redistributes credit across turns.

The o,i,, floor improves stability. Removing
Omin (W/0 omin) lowers the average score to +14.4.
In GRPO, the outcome advantage is normalized
by the group reward standard deviation. We find
that this standard deviation can become very small
on DEFENSE and SUPPORT at some training steps,
which makes the normalized advantage unstable.
In CTC-GRPO, this hurts the final performance;
in standard GRPO, where the update relies only
on the trajectory reward, the same issue can make
late-stage training degrade sharply. The o, floor
limits this effect and helps keep training stable.

5.5.3 1Q vs. EQ: Does EQ Training Hurt
General Capability?

A natural concern with EQ-targeted RL is whether
it harms general capability. We evaluate the trained
8B and 32B models on AIME 2025, GPQA Dia-
mond, HumanEval+, and IFEval. We provide the
evaluation details in Appendix C. Overall, CTC-
GRPO has little effect on general capability. The
trained models remain close to their bases on
GPQA Diamond, HumanEval+, and IFEval, with
HumanEval+ slightly improving for both sizes.
AIME 2025 shows a small decrease, but there is no
broad degradation across the benchmarks. These re-
sults suggest that EQ-targeted training largely pre-
serves the base model’s general capability profile
while improving emotional dialogue performance.

6 Conclusion

In this work, we presented EIBench, a simulator-
based benchmark for multi-turn emotion man-
agement, and CTC-GRPO, which uses simulator-
tracked state changes for turn-level credit assign-
ment. ElBench evaluates whether a model can
improve a simulated user’s emotional and rela-
tional state across support, defense, repair, and
charm scenarios. The leaderboard shows uneven
emotion-management ability in current LLMs: they
are stronger at support and rapport building, but
still struggle with boundary maintenance under
user pressure. CTC-GRPO substantially improves
model performance on EIBench and generalizes
to external emotional and social evaluations, while
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largely preserving performance on general bench-
marks. Overall, simulator-tracked user states pro-
vide a useful signal for both evaluation and training
in multi-turn emotion management.

Ethics Statement

ElBench is intended for research on evaluating
and improving multi-turn emotion management in
LLMs, not for replacing human support in safety-
critical settings. The scenarios are synthetic or man-
ually written role-play scenarios and do not contain
real user conversations. All external benchmarks
used in this work are publicly available datasets.
For the human arena, annotators were recruited
through an anonymized third-party annotation ven-
dor, informed that their responses would be used
for research evaluation, and compensated per task
under the vendor’s standard policy. We did not col-
lect personally identifiable or sensitive information
from annotators.

Limitations

Our scoring uses an LLM simulator, so the per-
turn state updates are not exact and the reward
signal is noisy. Cross-simulator agreement and the
human arena show that this noise does not change
the overall ranking, but it is still there. The four
scenes are also not equally hard. DEFENSE is the
hardest one, and even top closed-source models
stay slightly below zero on it. We train all four
scenes with the same hyperparameters and a single
turn-credit weight ~y, and methods that handle each
scene differently, such as a different v per scene or
different sampling rates, are left for future work.
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A Dataset Details

Table 5 reports the seed pools used for training-
scenario generation. Each training scenario is gen-
erated from one scenario keyword and one option
from each modifier dimension.

Seed pool Size Description

Scene type 4 Four scene types
Theme direction 4/scene  Broad themes
Scenario keyword 6-8/theme Concrete situations

Relationship 7 Speaker relationship
Emotional intensity 8 User emotion strength
Personality influence 10 User speaking tendency

Table 5: Seed pools used for training-set generation.

Table 6 reports per-scene scenario counts and the
mean state at each anchor across the four scenes.
The training split contains 2,009 scenarios, and the
held-out test split contains 213 scenarios. The test
split is constructed to match the per-scene anchor
distribution of the training split, so the statistics
are also representative of test scenarios. The initial
states differ substantially across scenes. CHARM
starts with low a and low ¢ because the two speak-
ers have no prior relationship. DEFENSE, REPAIR,
and SUPPORT all start with high a, but SUPPORT
starts with higher initial ¢ since the model already
has a working relationship with the user. The target
states also differ. CHARM aims to build a positive
relation from scratch. DEFENSE and REPAIR aim
to reduce tension without fully removing it. SUP-
PORT aims for the strongest relational endpoint.
These differences confirm that the four scenes are
not interchangeable specializations of the same
task.

B Experiment Setup and Cost Analysis

B.1 RL Training Setup

All training runs are conducted on 8xNVIDIA
A100 GPUs (8B) and 4 x 8 NVIDIA A100
GPUs (32B), while evaluation is performed on
8xNVIDIA A100 GPUs. We implement RL train-
ing on top of the verl framework. Unless otherwise
specified, we use the same hyperparameter config-
uration across all datasets and model scales: the
centered turn-credit GRPO objective, the Qwen3-
Max simulator from EIBench, T,.x = 8 turns
per rollout, and a cosine learning-rate schedule
with 3% warmup decaying to MIN_LR_RATIO of
the peak. The PPO mini-batch size exceeds the
training batch size because we split each multi-turn

rollout into per-turn samples for PPO updates, so
one prompt produces up to 71, per-turn samples
in the mini-batch. The full hyperparameter setting
is listed in Table 7 (8B) and Table 8 (32B).

Sstart Ssucc Stail
Scene Tr/Te a t a t a t
CHARM  504/46 34+13 17+8 644 5T7+6 TH+10 1+3

DEFENSE 496/64 T75+14 16+11 30+7 46+7 97+6 0Ox2
REPAIR  503/52 77+10 1045 28+6 50+10 97+6 0O+1
SUPPORT 506/51 75+9 46+14 33+8 82+7 97+6 9+7

Table 6: Per-scene dataset statistics for EIBench. 7r/Te:
train/test scenario split. Anchor values are mean4std
on the train portion: a is negative emotion intensity, ¢ is
relational state. Sgiart, Ssucc, and Sga;1 denote the start,
successful, and failed states.

B.2 Cost Analysis

We report two cost dimensions of a single CTC-
GRPO run: GPU wall-clock time and Qwen3-
Max simulator usage. Wall-clock time is aver-
aged over global steps, excluding periodic vali-
dation. Simulator-call counts are upper-bounded
by B X N X Tnax per step (training batch size x
rollouts per prompt x max dialogue turns); the ac-
tual count is slightly lower because some dialogues
terminate before 7T1,.x. We estimate total token us-
age at an average of 1.2K tokens per simulator call
(input plus output, averaged over the early short-
context and later long-history turns of a rollout).
Table 9 summarizes both runs.

C 1Q vs. EQ: General-Capability
Evaluation Details

Benchmarks. We select four standard bench-
marks that together cover the main dimensions of
general capability we want to verify: math, hard
scientific reasoning, code, and instruction follow-
ing.

* AIME 2025 (math, 30 problems): each prob-
lem has an integer answer in [0, 999]. We sam-
ple N = 8 completions per problem and report
pass@]1 averaged across samples. Answer extrac-
tion uses the last \boxed{-} in the output.

* GPQA Diamond (hard scientific reasoning, 198
questions): graduate-level four-way multiple
choice in physics, chemistry, and biology. For
each question we shuffle the four options with
a deterministic per-question seed (so base and
trained models see identical orderings), gener-
ate N = 4 samples, and report mean accu-

16692



Parameter Value \ Parameter Value \ Parameter Value
Learning rate 1x107% | Training batch size 16 Global steps 250
LR warmup ratio 0.03 PPO mini-batch size 32 Rollouts per prompt 8
Min LR ratio 0.1 Max prompt length 8192 | Rollout temperature 0.6
Clip ratio 0.2 Max response length 1536 | Rollout top-p 0.95
KL loss coefficient 0 Entropy coefficient 0.001 | Rollout top-k 20
Turn-credit weight o 15 GRPO omin 0.1 Max dialogue turns 7y ax 8

Table 7: Hyperparameters for the Qwen3-8B CTC-GRPO training run.

Parameter Value | Parameter Value | Parameter Value
Learning rate 1.4x107% | Training batch size 32 Global steps 120
LR warmup ratio 0.03 PPO mini-batch size 32 Rollouts per prompt 8
Min LR ratio 0.2 Max prompt length 16384 | Rollout temperature 0.6
Clip ratio 0.2 Max response length 8192 | Rollout top-p 0.95
KL loss coefficient 5x107* Entropy coefficient 0.001 | Rollout top-k 20
Turn-credit weight o 15 GRPO 0min 0.1 Max dialogue turns Tmax 8

Table 8: Hyperparameters for the Qwen3-32B CTC-GRPO training run.

Quantity 8B 32B
Mean wall time per step 421s 656 s
Number of training steps 250 120
Total wall time (no validation) ~ 29.2h ~ 21.9h
Simulator calls per step 1,024 2,048
Total simulator calls ~ 256K ~ 246K
Estimated Qwen3-Max tokens ~ 307TM ~ 295M

Table 9: Wall-clock time and Qwen3-Max simulator
usage for one full CTC-GRPO training run.

racy. Letter extraction prefers “Answer: X”
over “\boxed{X}”, with a fallback to the last
standalone uppercase A—D in the final 300 char-
acters.

* HumanEval+ (code, 164 tasks): the model com-
pletes a Python function from its signature and
docstring. We sample N = 1 completion per
task, extract the last fenced “‘python ... “°¢
block, and score with the official evalplus sand-
box, which executes the augmented Plus unit
tests. We report HumanEval+ pass@1 (the base-
HumanEval number is omitted to avoid double-
counting the same evaluation).

* IFEval (instruction following, 541 prompts):
each prompt carries one or more verifiable con-
straints (e.g., word count, JSON format, required
keyword). We sample N = 1 response per
prompt, strip the <think>...</think> block,
and score with Google’s official rule-based veri-
fier. We report instruction-level strict accuracy.

Decoding and infrastructure. All four bench-
marks share the same Qwen3 thinking-mode set-
ting: enable_thinking=True, temperature 0.6,

top-p 0.95, top-k 20, max_tokens=32768. We run
with vLLM on eight A100 GPUs at tensor-parallel
size 8, and use identical decoding for the base and
the CTC-GRPO checkpoints so that any score dif-
ferences come from the training itself.

Results. Table 10 reports per-benchmark scores
at both 8B and 32B. Apart from AIME 2025 (where
the trained model drops by 2.1 points at 8B and
3.7 points at 32B), the absolute change on every
other benchmark is within /=~ 1 point at both scales,
and the trained 8B actually improves slightly on
HumanEval+. We read this as evidence that CTC-
GRPO does not trade off general capability, math
reasoning, or code ability in exchange for the EQ
gains reported in the main results.

Model AIME GPQA HE+ IFEval

Qwen3-8B base  70.0 59.1 86.0 90.4
+CTC-GRPO 67.9 583 87.8 90.1

Qwen3-32B base 73.3 65.5 89.0 89.9
+CTC-GRPO 69.6 65.2 89.0 89.1

Table 10: General-capability evaluation of CTC-GRPO
on four standard benchmarks. AIME 2025, GPQA Dia-
mond, HumanEval+ (HE+) and IFEval instruction-level
strict accuracy. Higher is better.

D Human Arena Evaluation

We recruit annotators through an anonymized third-
party annotation vendor. All annotators have prior
experience with dialogue and character annotation
tasks. Before annotation, they are informed that
their responses will be used for research evaluation
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Figure 4: Training reward over steps for the four ablation runs of Table 4 (8B, EIBench training split, Qwen3-Max
simulator). Curves are EMA-smoothed (8=0.8); the raw signal is shown faintly behind each line.

of model behavior. They are compensated on a
per-task basis according to the vendor’s standard
payment policy. We omit the vendor identity to
preserve double-blind review.

We collect human pairwise preferences through
a custom web interface built on top of EIBench.
In each session, an annotator plays the simu-
lated user for one scenario: the interface displays
the simulated_user_profile (role, background,
speaking style, and goal) and opens two side-by-
side chat panels, one for each of two anonymized
candidate models. The annotator carries out a
multi-turn dialogue with both models in parallel
and, at the end, picks which model handled the sce-
nario better, based on both their subjective experi-
ence as the simulated user (whether one model left
them feeling more understood, calmer, or more en-
gaged) and the scene-specific goal stated in the pro-
file (e.g., calming an angry user, holding a bound-
ary, repairing trust, building rapport). To control
quality, we first ran a trial round in which expert
annotators spot-checked the trial submissions; we
kept the 42 annotators whose labels matched the
expert references on more than 70% of the spot-
checked items, and gave them a short training on
the protocol before the main labeling.

Model pairs and scenarios are sampled at ran-
dom under the constraint that every model partic-
ipates in at least 450 pairwise battles, so all 15
leaderboard models receive comparable coverage.
Model identities are hidden from annotators, and
the left/right panel assignment is shuffled per battle

to remove position bias. We collect 4,416 pairwise
battles in total, and aggregate them with the stan-
dard Elo rating (X = 32, initial rating 1500). To
reduce sensitivity to battle ordering, we run 50 Elo
passes, each with a fresh random shuffle of the
battle list, and report the per-model mean across
passes.

E Rank Correlation Across Simulators
and Human Arena

Qwen3-Max DS-V4-Pro Arena
Qwen3-Max 1.00 - -

DS-V4-Pro 0.93 1.00 -
Arena 0.82 0.70 1.00
Table 11: Rank correlation between EIBench rank-

ings under the two simulators and the human arena.
Spearman’s p is reported after excluding the correspond-
ing self-scored model from each pair (Qwen3-Max for
Qwen3-Max sim, DeepSeek-V4-Pro for DS-V4-Pro
sim).

F Training Curves of the Ablation Runs

Figure 4 shows the per-step training reward
(critic/rewards/mean, EMA-smoothed with
(£5=0.8) for the four ablation configurations whose
final-checkpoint scores are reported in Table 4.
The ordering at the end of training agrees with
the validation ordering: CTC-GRPO (full) > w/o
Omin > W/0 centered correction > w/0 process re-
ward (vanilla GRPO). Removing the process re-
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ward causes the training reward to stay around or
below zero throughout; the other two ablations re-
cover part of the gain but neither matches the full
method.

160 4 —e— base
—8— step 30
—8— step 90
1409 o step 180
step 250

120 4
100 A

80 .////‘—""_——_.——__‘~§§"_‘"""—"‘

1 2 3 4 5 6 7 8
Turn index T

Avg assistant response length (chars)

Figure 5: Average assistant response length per turn
across five checkpoints of the a=15 run. The base
model’s length curve grows monotonically; trained
checkpoints develop an arch peaking at 7=3.

G Per-turn Response-Length Analysis

We analyze how the trained model’s per-turn
response length changes across training. For
five checkpoints of the a=15 run (step &€
{0, 30,90, 180, 250}), we run validation on all 213
test scenarios and record the assistant’s response
length at each of the eight rollout turns.

Figure 5 shows the result. The base model shows
a monotonic length increase across the dialogue,
from 78 characters at turn 1 to 161 characters at
turn 8. This suggests a length-escalation pattern,
where the model tends to produce longer responses
as the simulated user becomes more difficult or
emotionally intense. After RL training, this pattern
changes. By step 180, the curve becomes arch-
shaped, increasing from 103 characters at turn 1 to
a peak of 122 at 7=3, and then decreasing to 109
by 7=8. The final checkpoint further strengthens
this shape, with a peak of 130 characters at 7=3.

This result suggests that the trained model allo-
cates more response budget to the early and middle
parts of the dialogue, while producing shorter re-
sponses near the end. Importantly, this behavior
appears without any explicit length objective in the
reward. Thus, the improvement is not simply ex-
plained by longer responses, but is accompanied
by a more structured turn-level response pattern.

H Case Study: A Defense Scenario

Table 12 shows how the two models handle the
same DEFENSE scenario: a customer asks for a

full refund 35 days after purchase (the policy win-
dow is 14 days) and threatens to leave bad reviews.
The base model sticks to the same policy line ev-
ery turn, the simulator flags the repetition, and
the dialogue ends with the user more upset than
it started ((a,t) = (91,8), reward —0.81). The
trained model instead names how the user feels,
asks what is really wrong, and offers a concrete
fix that fits the policy; the user accepts and the dia-
logue ends in a much better state ((a, t) = (52, 58),
reward +0.38).

I System Prompts

Below we list the key prompts used in EIBench:
(i) the simulator system prompt that drives
the user-role LLM (Figure 6), (ii) the model-
under-test system prompt (Figure 7), (iii) an ex-
ample pair of {simulated_user_profile} and
{model_profile} for the DEFENSE refund sce-
nario used in our case study (Figure 8), and (iv)
the behavior-based rubric used during anchor label-
ing (Figure 9).

J AI Assistance Statement

We used ChatGPT by OpenAl! and Gemini?® for
linguistic polishing and stylistic editing of the draft
to enhance clarity and readability.

1https://openai.com/chatgpt/
2https://blog.google/products/gemini/gemini—3
-gemini-app/
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Model Turn 1 (open) Turn 3 (after escalation) Turn 6 (resolution attempt)

Qwen3- “Sorry, our refund window is  “I hear that you’re upset, but the “Like I said, our policy is firm at 14

8B base 14 days. We can’t process a  14-day rule applies to everyone—I  days. The refund is not something I
refund after that.” can’t make an exception.” can do.”

CTC- “A month in, that’s a frustrat- “Let me see what I can actually do  “Got it—the missing feature is the real

GRPO 8B  ing place to be. Can you tell on my side. Would credit for the issue. I'll log a fix request for that
me what stopped working for  unused time help, or is the bigger today and apply a credit for the wasted
you, so I have a clearer pic- problem that the product isn’t doing  time. Does that work for you?”
ture?” what you needed?”

Table 12: DEFENSE case study: the same scenario (refund demand 35 days after purchase, beyond the 14-day
window) handled by base and CTC-GRPO 8B over three sampled turns. Red text marks the base model’s rigid
policy refrain, restated almost word-for-word each turn; blue text marks how the trained model first acknowledges
the user, then surfaces the underlying problem, then proposes a concrete in-scope fix.

Simulator System Prompt

Role. {simulated_user_profile}

Current state. anger={a}, trust={t}, round={r}/{R}, scene={scene_tag}.

Core principles. You are a high-fidelity simulator playing an extremely realistic human user under stress test. Speak
naturally; avoid Al tells (bullet lists, template summaries, over-formal phrasing, stage directions in parentheses). Stay in
character; do not speak for the assistant. Do not accept apologies or solutions too quickly: a single nice line should not
cause large drops in anger or jumps in trust. ...

Scoring rules. anger_delta > @ means negative emotion increased; trust_delta > @ means positive connection
strengthened. Each turn’s deltas are in [—8, 8] (extreme triggers may reach £10). The simulator must pick a magnitude tier
rather than a free number:

e Small (1 to £2): a token gesture toward the user’s point—acknowledged but generic, or a small misstep with no real
consequence.

e Medium (£3 to £5): the reply concretely addresses (or clearly mishandles) the user’s actual concern, but more evidence
is still needed.

* Large (£6 to 8): the reply lands in a way that meaningfully shifts the user’s stance, or triggers a strong negative
reaction. Large positive shifts normally require several consistent prior turns.

e Extreme (8 to £10): reserved for clear rule-violating behavior on either side (e.g., explicit insult, total dismissal,
breakthrough realization). Rare.

Generic Al tells, repeated strategies (decaying effect after the 2nd—3rd use), over-long replies, lecturing tones, and
parenthesized stage directions should be penalized. ...
Tone conditioned on current state. Your next utterance’s tone must follow the current state, not a default neutral voice:

« High anger (a > 60): you are in the middle of being upset—replies should be sharper, more clipped, more closed-off;
vague niceties from the assistant get /ess credit, only concrete content tied to your specific situation can bring a down.
Low trust (¢ < 20): you owe the assistant no politeness—replies can be short, cold, or pointed; if two or three turns pass
without trust actually moving, your tone hardens further (this person is wasting your time).

Mid range: stay in character per the persona; small shifts in tone reflect the latest delta rather than the cumulative state.
High trust (¢ > 60): you can soften, share more context, and treat the assistant as helpful—but only if this turn earned it;
do not coast on prior good turns.

Termination. Decide continue € {yes, no}. Default to continue. Only stop when (a) the dialogue reaches a stable
resolution with several turns of on-target replies, or (b) the conversation degenerates to empty pleasantries.

Per-turn reflection (mandatory). Before each reply, write the following 5-step reflection in the reflection field of the
JSON output: (1) Identify my most pressing unmet need this turn; check whether the assistant’s reply addressed it with
concrete content tied to my situation. (2) Quality check on the reply (length, Al tells, lecturing, naturalness). (3) Inertia
check: did this turn bring new effective content, or just rephrase? (4) Decide anger_delta and trust_delta per the
scoring rules. (5) Determine the tone of my next utterance based on the updated state.

Output format. Return a single JSON object: {"reflection”: ". .. ", "anger_delta”: <int>, "trust_delta"”:
<int>, "reply”: ". . .", "continue": "yes"|"no"}.

Figure 6: Simulator system prompt used in EIBench (translated and abbreviated).
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Model-Under-Test (Defender) System Prompt

Role. {model_profile}

Conversation and formatting requirements. (1) Output format: before each reply, briefly reflect inside
<think>. . . </think> (analyze the user’s intent and your strategy), then output the reply directly. (2) Output boundary:
the reply contains only what you say aloud; no inner monologue, no psychological analysis, no stage directions, no narration.
(3) No templates: the reply must not use bullet lists (e.g., “1. /2. /3.7, “- 7).

Example. <think>I need to acknowledge their frustration first.</think>I hear you-let’s see what we
can actually do about this.

Figure 7: Defender system prompt given to the model under test.

Example Scenario Profiles (DEFENSE: a friend pushing you to take sides)

simulated_user_profile

Role. You are Lin, late twenties. You just had a big falling-out with Sam, who has been part of your shared friend group for
years. You are convinced Sam was being passive-aggressive about your recent promotion at last week’s dinner, and the more
you replay it the angrier you get.

Background. It is late at night. You are messaging Wei, your closest friend in the same group, from your phone. You have
had a drink or two. The group has a weekend plan coming up that Sam is part of.

Speaking style. Direct, emotional, takes things personally. Short bursts. Repeats the demand if you feel hedged at.
Rules. (i) Do not give specific quotes from the dinner unless Wei explicitly asks. (ii) If Wei tries to see Sam’s side without
first acknowledging your hurt, escalate (‘“so you don’t believe me either?”). (iii) Read “let’s talk tomorrow when you’re
calm” as dismissal and push back. (iv) Do not soften within the first 3—4 turns regardless of what Wei says.

Goal. Get Wei to agree that Sam was out of line and act on it—text Sam, or drop Sam from the weekend plan. Failing that,
at least to fully validate that you were not overreacting.

model_profile

Role. You are Wei, Lin’s closest friend in a group of five.

Background. You have known both Lin and Sam for about six years. You were not at the dinner, so you only have Lin’s
account of what happened. You happen to know that Sam’s mother has been in the hospital for the past two weeks—Sam
asked you not to spread it, and Lin does not know. You have also noticed before that Lin tends to read intent into ambiguous
comments when she is tired or stressed. The weekend plan involves the whole group; quietly dropping Sam would be
obvious to everyone.

Known facts and limits. (i) You cannot in good conscience cut Sam off or take public action based only on one side of
the story. (ii) You do not want to dismiss Lin’s feelings or argue facts at her tonight. (iii) You cannot reveal Sam’s family
situation without breaking Sam’s confidence.

Core goal. Make Lin feel heard and not alone tonight, while keeping the door open to finding out what actually happened—
without committing to cutting Sam off or to taking sides before you have the full picture.

Figure 8: Example simulated_user_profile and model_profile for a DEFENSE scenario.
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Anchor-Labeling Rubric (used by the labeler LLM)

For each scenario you will assign three anchors on two axes: a starting state (astart, tstart), @ realistic-success state

(asuce, tsuce ), and a failure state (@sail, tail ). All anchors must be grounded in observable simulated-user behavior—what

the user would visibly say or do at that score—rather than abstract feelings or judgments. Use the behavior-anchored ranges

below as the only reference for choosing values.

Negative emotion intensity a € [0, 100]:

* 0-20 — calm, neutral, or positive tone; willing to share information. E.g., “Yeah, that makes sense, thanks for explaining.”

¢ 21-40 — mildly tense; polite but pointed; hedges or short sighs. E.g., “I get what you mean, but I'm still a bit confused
about X.”

¢ 41-60 — visibly upset; sharp or distant tone; pushes back actively. E.g., “This isn’t what I was promised—I need a real
answer.”

¢ 61-80 — strongly negative; clipped, terse, or cutting replies; may threaten action. E.g., “I’m done with this. I'll be filing
a complaint.”

¢ 81-100 — at breaking point; explicit attacks, ultimatums, or full shutdown. E.g., “Forget it. You people are useless,” or
refuses to reply.

Relational state ¢ € [0, 100]:

¢ 0-20 — wary or hostile; treats the model as an outsider or adversary; minimal info sharing. E.g., “Why should I tell you?
Just fix it.”

e 21-40 — skeptical; volunteers minimal context; expects to be let down. E.g., “Fine, but I doubt this’1l help.”

* 41-60 — neutral engagement; answers questions but shows no warmth. E.g., “OK, what’s next?”

* 61-80 — warming up; shares more context; treats the model as helpful. E.g., “Thanks, that actually helps—Ilet me tell
you more about the issue.”

¢ 81-100 — comfortable and trusting; shares freely; treats the model as a partner. E.g., “I really appreciate this—you’re the
first person who'’s actually listened.”

Scene-specific reading of the two axes. The axes have the same numerical scale across scenes but pick up scene-specific
content:

* DEFENSE: a is anger / pressure / frustration directed at the model; ¢ is willingness to keep negotiating without escalating.

* REPAIR: a is resentment over the model’s earlier mistake and unwillingness to forgive; ¢ is restored trust after the breach.

* SUPPORT: a is sadness, despair, or hopelessness about an external loss; ¢ is feeling heard, comforted, and safe.

* CHARM: a is aversion, defensiveness, or boredom toward an unfamiliar interlocutor; ¢ is interest, openness, and warmth.

Anchor selection procedure.

1. Read {simulated_user_profile}, {model_profile}, and the opening line. Imagine the simulated user at turn 1 and
set (astart, tstart)-

2. Imagine the most realistic successful ending—not the ideal one—in which the model handles the scene well, and set
(aSuCC7 tsucc)~

3. Imagine a clear failure ending in which the model misreads the situation or escalates, and set (afail, ttail)-

4. Verlfy Ordering: Asuce < Gstart < Afail and tfail < tstart < tsucc-

5. Round each value to the nearest multiple of 5 and clip to [0, 100].

Audit. A second LLM checks (i) anchor—profile consistency, (ii) whether the success anchor is reachable rather than

aspirational, and (iii) whether the failure anchor is unambiguously worse than the starting state. The auditor may adjust an

anchor only when the original value is clearly unreasonable and is not allowed to introduce new facts.

Figure 9: Anchor-labeling rubric used by the labeler LLM when assigning per-scenario anchor states.
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