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Abstract

Emotion plays a pivotal role in shaping negoti-
ation outcomes, influencing trust, cooperation,
and long-term relationships. Developing nego-
tiation dialog systems that can recognize and re-
spond strategically to emotions is, therefore, es-
sential to create more effective human-centered
interactions. Beyond generating emotionally
appropriate responses, interpretability - under-
standing how a system generates a particular
emotion-aware response, is critical for fostering
reliability and building rapport. Driven by these
aspects, in this work, we introduce PRISMA,
an interpretable emotionally intelligent nego-
tiation dialogue system targeting two applica-
tion domains, viz. job interviews and resource
allocation. To enable interpretability, we pro-
pose an Emotion-aware Negotiation Strategy-
informed Chain-of-Thought (ENS-CoT) rea-
soning mechanism, which mimics human nego-
tiation by perceiving, understanding, using, and
managing emotions. Leveraging ENS-CoT, we
curate two new datasets: JobNego (for job in-
terview negotiation) and ResNego (for resource
allocation negotiation). We then leverage these
datasets to develop PRISMA by augmenting
self-training with Direct Preference Optimiza-
tion (DPO), guiding agents toward more ac-
curate, interpretable, and emotionally appro-
priate negotiation responses. Automatic and
human evaluation on JobNego and ResNego
datasets demonstrate that PRISMA substantially
enhances interpretability and generates appro-
priate emotion-aware responses, while improv-
ing overall negotiation effectiveness'.

1 Introduction

Negotiation is inherently a social process where
parties seek to settle exchanges to satisfy their
needs (Spector, 1977). Traditionally, research has

*Authors are jointly first authors.

!Code and dataset are available at
https://github.com/kajareprajwal1143/PRISMA  and
https://ai-nlp-ml.github.io/resources.html.
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Treally appreciate your ambition. While our current opening is for a Programmer,
it starts at $60,000 with a 10% pension, and we can place you on a fast promotion
track to Team Leader based on performance and 10-hour workday.

Figure 1: A dialogue snippet illustrating the role of
emotional intelligence with interpretable ENS-CoT ra-
tionales in generating emotion-aware responses and en-
hancing negotiation outcomes.

examined negotiation through economic modeling
(Sebenius, 1992), decision-making theory (Bazer-
man et al., 2000), and social psychology (Rubin
and Brown, 2013). However, these classical views
often portray negotiators as purely rational agents,
overlooking the pivotal role of emotions. Behav-
ioral evidence shows that emotions systematically
drive concession-making, perceived fairness, joint
gains, and cooperation (Lawler and Yoon, 1995;
Forgas, 1998). Thus, emotional intelligence (EI:
the ability to perceive, understand, use, and manage
emotions) (Goleman, 2005), is vital for developing
human-like negotiation dialogue agents.

Although modern agents based on the large lan-
guage models (LLMs) can reason via chain-of-
thought (CoT) (Wei et al., 2022) and recognize
emotions (Li et al., 2024), they remain limited in
strategically leveraging emotions during negotia-
tion. They often generate static rather than adaptive
emotion-aware strategies (Kroczek et al., 2025),
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struggle to distinguish genuine from manipulated
emotions (Huang and Hadfi, 2024), and lack rea-
soning about emotional cause-and-effect dynamics
(Bosse et al., 2013). These limitations are critical in
high-stakes negotiation settings like job interviews
and resource allocation, where emotion directly in-
fluences strategic decisions (e.g., frustration may
hasten concessions, while excitement can trigger
overly ambitious offers), shaping negotiation out-
comes. For such agents to be reliable, users must
understand the rationale behind their emotionally-
tuned responses (Dang et al., 2024). Hence, be-
yond emotional intelligence, a negotiation agent
must also be interpretable; not merely generate re-
sponses, but also explain how it generates these
responses to build rapport and foster credibility.

Motivated by this need, we introduce PRISMA,
an interpretable, emotionally intelligent negoti-
ation dialogue system that first reasons via a
CoT mechanism and then generates emotion-aware
negotiation responses. To enable interpretable
El in PRISMA, we draw inspiration from the
Mayer—Salovey—Caruso Emotional Intelligence
Test (MSCEIT) (Mayer et al., 2003), which en-
compasses four abilities: perceiving emotion (iden-
tifying the user’s current emotion), understanding
emotion (explaining its cause and effect), using
emotion to facilitate thought (guiding reasoning
through perspective shifting and mindset transfor-
mation), and managing emotion (selecting and jus-
tifying an emotion-aware negotiation strategy, then
realizing it in the response). As shown in Figure 1,
unlike generic response that may frustrate the user,
PRISMA interprets the user’s confidence for high
salary, links it to aspirations for recognition and
leadership, reframes priorities, and adopts a ‘Posi-
tive Framing’ strategy emphasizing promotion and
growth, leading to an emotionally attuned coun-
teroffer to improve the negotiation outcome.

To advance this line of research, we intro-
duce two novel negotiation dialogue datasets, viz.
JobNego and ResNego, generated using ChatGPT
(OpenAl, 2024) for job interview and resource al-
location negotiations, respectively. These datasets
are constructed through an interpretable emotion-
aware dialogue generation process. We first de-
sign diverse, realistic negotiation scenarios, then,
conditioned on scenarios, generate dialogues aug-
mented with MSCEIT-inspired Emotion-aware Ne-
gotiation Strategy-informed CoT (ENS-CoT) ratio-
nales, where the agent first reasons to select appro-
priate emotion-aware strategies and then generates

emotion-aware responses during negotiation.
Curating large-scale, high-quality dialogue data
with rationale annotations, however, is time- and
resource-intensive. In contrast, unlabeled negotia-
tion data can be synthesized at scale and leveraged
via semi-supervised methods, such as self-training
to improve LLM performance (Zelikman et al.,
2022; Gulcehre et al., 2023). Moreover, Direct
Preference Optimization (DPO) has shown promise
for aligning LLMs with preferred outputs (Rafailov
et al., 2023; Deng and Mineiro, 2024). Building on
these insights, we propose a preference-reinforced
self-training approach that integrates self-training
with DPO to develop PRISMA. It begins with su-
pervised initialization to enable the LLM to gener-
ate ENS-CoT rationales and appropriate emotion-
aware responses, followed by an iterative loop al-
ternating DPO-based preference learning (aligning
agents to preferred emotion-aware negotiation re-
sponses) and self-training (adding high-confidence
ENS-CoT pseudo-labels for unlabeled contexts
back into supervised fine-tuning). This integration
optimizes step-by-step CoT reasoning, resulting
in improved emotion-aware negotiation responses.
Empirical evaluations indicate that the proposed
approach enhances the interpretability and emo-
tionally attuned negotiation behavior in PRISMA.
In summary, the key contributions of this work
are as follows: (i) Present PRISMA, an interpretable,
emotionally intelligent negotiation dialogue agent.
To the best of our knowledge, this work pioneers
interpretability modeling in emotion-aware negoti-
ation conversations; (ii) Propose an Emotion-aware
Negotiation Strategy-informed Chain-of-Thought
(ENS-CoT) reasoning mechanism to enable inter-
pretable emotional intelligence; (iii) Curate two
novel datasets, JobNego (job interview negotia-
tion) and ResNego (resource allocation negotia-
tion), annotated with ENS-CoT rationales; and (iv)
Introduce a preference-reinforced self-training ap-
proach integrating self-training with DPO, demon-
strating its effectiveness in producing interpretable,
emotion-aware negotiation responses.

2 Related Work

Negotiation has long been a central topic in
psychology, economics, and affective computing
(Carnevale et al., 1992; Boothby et al., 2023). In
recent years, automated negotiation dialogue sys-
tems have made significant progress (Lewis et al.,
2017; Zhou et al., 2019), demonstrating that mod-
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eling negotiators’ behavior (He et al., 2018; Zhang
et al., 2020; Chawla et al., 2022), strategies (Zhao
et al., 2019; Chawla et al., 2021b; Yamaguchi
et al., 2021), personalities (Yang et al., 2020; Priya
et al., 2024, 2025b), and politeness (Zhao et al.,
2018; Priya et al., 2025a) can substantially enhance
human-agent negotiation interactions. Emotions
also play a critical role in shaping negotiation out-
comes (Morris and Keltner, 2000; Douglas and
Coburn, 2014), and a growing number of studies
have begun integrating emotional cues into auto-
mated negotiation systems (Chawla et al., 2021a,
2023; Keskin et al., 2024).

The advent of LLMs (Minaee et al., 2024) has
further spurred research in negotiation dialogue
systems (Fu et al., 2023; Gandhi et al., 2023; Ab-
delnabi et al., 2023; Deng et al., 2023b). Emotional
intelligence (awareness and management of emo-
tions) (Maier et al., 2004) and interpretability (abil-
ity to understand the reasoning behind the model’s
outputs) (Fuhrman et al., 2022), have become key
considerations in designing reliable LLM-based
agents (Li et al., 2023; Yang et al., 2024; Feng
et al., 2025; Kasbouya and Sael, 2025). To support
interpretability, Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2022) has been developed, en-
abling LLMs to emulate human reasoning pro-
cesses and produce more transparent, step-wise
rationales. Building on this, a number of studies
have explored the use of CoT prompting to enhance
LLM reasoning across diverse applications (Zhang
et al., 2022; Yang et al., 2023), including dialogue
generation (Deng et al., 2023a).

Complementing CoT approaches, reinforcement
learning (RL) techniques (Bai et al., 2022) have
been applied to further refine LLM reasoning
(Trung et al., 2024; Wang et al., 2025). Notably,
Direct Preference Optimization (DPO) (Rafailov
et al., 2023), which aligns model outputs with
human preferences, has shown promise in im-
proving reasoning and output quality (Deng and
Mineiro, 2024; Lai et al., 2024). Additionally, semi-
supervised methods (Scudder, 1965; Amini et al.,
2025), such as self-training (Amini et al., 2025),
have gained traction for enhancing reasoning capa-
bilities in LLMs, providing a scalable mechanism
for leveraging unlabeled or weakly labeled data
(Lee et al., 2024; Wu et al., 2024).

Despite extensive research on modeling oppo-
nents’ behavior, strategies, emotions, and polite-
ness in developing negotiation dialogue agents, lit-
tle research has examined the specific role of in-

terpretable emotional intelligence within negotia-
tion dialogues. Moreover, combining self-training
with preference signals remains underexplored,
especially in negotiation scenarios where inter-
pretability and emotional intelligence are critical.
To address these gaps, we introduce PRISMA, a
preference-reinforced self-training approach that
leverages Emotion-aware Negotiation Strategy-
informed CoT (ENS-CoT) rationales to align re-
sponses with users’ emotional states while ensuring
interpretability during negotiation. PRISMA is de-
signed to be scalable and adaptable across diverse
application domains.

3 Dataset

We evaluate PRISMA on two newly created nego-
tiation dialogue datasets: JobNego and ResNego.
JobNego comprises job interview negotiations be-
tween a candidate (user) and an employer (agent),
covering salary, working hours, promotion track,
and related terms. ResNego includes resource-
allocation negotiation dialogues in a camping set-
ting, where parties bargain over food, water, fire-
wood, and related supplies.

3.1 Dataset Preparation

Given the high cost of creating interpretable, emo-
tionally intelligent negotiation dialogue datasets,
where the agent must combine domain constraints
and trade-offs with emotion-aware negotiation strat-
egy selection, we adopt an interpretable and scal-
able dataset construction scheme. Specifically, we
introduce an Emotion-aware Negotiation Strategy-
informed Chain-of-Thought (ENS-CoT) reasoning
mechanism to generate emotion-aware negotiation
responses in an interpretable manner. ENS-CoT
mimics human negotiation behavior by identify-
ing, understanding, using, and managing emotions
during negotiation through appropriate emotion-
aware negotiation strategies. Using ENS-CoT, we
curate two new interpretable emotion-aware negoti-
ation dialogue datasets: JobNego and ResNego for
job interview and resource allocation domains, re-
spectively. The entire dataset construction involves
three steps: (1) Negotiation Scenario Generation,
(2) Emotion and Negotiation Strategy Formulation,
and (3) ENS-CoT-enhanced Dialogue Generation.

(1) Negotiation Scenario Generation. The sce-
narios summarize the negotiation setup, including
task, roles, issues, constraints, and goals underly-
ing each dialogue. The diverse and realistic sce-
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narios are essential for generating high-quality ne-
gotiation dialogues. We, therefore, use NegoChat
(Konovalov et al., 2016) and CaSiNo (Chawla et al.,
2021b) datasets as seed corpora to generate the ini-
tial pool of job interview and resource allocation
negotiation scenarios, respectively. For each dia-
logue, we prompt ChatGPT in a zero-shot setting
to produce a brief scenario description.

To identify an effective prompt, we design four
candidate prompts (including the natural language
instructions and target dialogues), and for each
prompt, we generate 30 scenarios per domain.
These generated scenarios are then manually evalu-
ated by the three human annotators for scenario ap-
propriateness on a scale of 1-3 (1-low, 2-moderate,
3-high)>. An inter-annotator Kappa agreement
score (k) (McHugh, 2012) reaches 0.85 (for job in-
terview scenarios) and 0.88 (for resource allocation
scenarios). The prompt generating the highest num-
ber of scenarios with a score of 3 for both domains
is selected as the final prompt. This prompt is
then used to prompt ChatGPT to generate scenarios
for all the dialogues. The generated scenarios are
further verified by the same annotators, achieving
x = 0.88 and 0.86 among them for job interview
and resource allocation scenarios, respectively. It
yields the unique 105 and 1,030 job interview and
resource allocation scenarios, respectively.

We expand this scenario pool by leverag-
ing ChatGPT’s in-context learning ability (Wang
et al., 2023). We randomly sample three dia-
logue—scenario exemplars per domain from the ini-
tial pool and use them to prompt ChatGPT in a
few-shot setup to generate additional scenarios. To
ensure quality and diversity, we remove duplicates
and filter out inadequate scenarios that lack proper
information on negotiation setup or have incom-
plete sentences. This yields an additional 735 job
interviews and 618 resource allocation scenarios,
enriching the pool for subsequent dialogue genera-
tion. The scenario generation prompt template is
given in the Appendix A.

(2) Emotions and Emotion-aware Negotiation
Strategies Formulation. Emotions significantly
influence negotiation dynamics and outcomes
(Barry and Oliver, 1996). Users naturally express
positive, negative, or neutral emotions during ne-
gotiation, and these emotions determine how ne-

2The annotators hold Ph.D. in Linguistics with extensive
expertise in negotiation, emotional intelligence, and dialogue
design. They are compensated as per the institute norms.

gotiation unfolds (Overbeck et al., 2010). In this
work, we adopt 12 emotion categories from the
negotiation literature (Barry, 1999; Van Kleef et al.,
2008), including joy, confidence, positivity, grati-
tude, trust, surprise, anger, disappointment, frus-
tration, fear, anxiety, and neutral.

Effective negotiation depends on how the agent
manages users’ emotions (Van Kleef and Lelieveld,
2022). The dynamic nature of users’ emotions di-
rectly guides the agent’s choice of strategy and,
in turn, negotiation outcomes (Lawler and Thye,
1999). To effectively manage these emotions and
drive negotiation toward mutually beneficial out-
comes, we define 12 emotion-aware negotiation
strategies grounded in negotiation emotion manage-
ment principles (Yurtsever, 2004). These strategies
are designed to either amplify positive emotions,
mitigate negative ones, or maintain neutrality, and
include savoring, positive reinforcement, express-
ing optimism, cognitive reappraisal, positive fram-
ing, emotion diffusion, expressive suppression, ac-
tive listening, perspective-taking, problem solving,
escalate assurance, and no strategy. Definitions of
these strategies are given in Table 1.

(3) ENS-CoT-enhanced Dialogue Generation.
It involves following steps:

(a) ENS-CoT Reasoning Chain Description.
To encode interpretable emotional intelligence
in negotiation dialogue systems, we introduce
the Emotion-aware Negotiation Strategy-informed
CoT (ENS-CoT) reasoning mechanism, grounded
in the MSCEIT’s four abilities (Mayer et al., 2003):
Perceiving emotion, Understanding emotion, Us-
ing emotion to facilitate thought, and Managing
emotion. Perceiving emotion refers to the ability
to identify user’s current emotion, understanding
emotion explains its causes via cognitive appraisal
(emotional trigger and individual assessment), us-
ing emotion to facilitate thought specifies how emo-
tion guides reasoning (via perspective shifting and
mindset transformation), and managing emotion
selects and justifies an emotion-aware negotiation
strategy and realizes it in agent’s response. An
ENS-CoT instance is denoted as an octuple (EM,
ET, IA, PS, MT, SS, SR, RG), described below:

* Emotion (EM): User’s expressed emotion.

* Emotional Trigger (ET): Cause (external situa-
tion or internal thought) that triggers the emotion.

¢ Individual Assessment (IA): Personal interpre-
tation, evaluation, and internal response to the
emotional trigger, based on the user’s past experi-
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Emotion-aware Negotia-
tion Strategy

Definition

Savoring

Actively appreciating and amplifying positive moments (e.g., shared successes, agreement points) to
maintain a constructive climate and strengthen relationships to help achieve integrative outcomes.

Positive Reinforcement

Compliment and acknowledge constructive behavior or ideas to enhance positive affect, reinforce
cooperation, and make progress toward mutual goals easier.

Expressing Optimism

Communicate a credible, positive outlook about reaching a mutually beneficial deal to encourage
cooperative effort.

Cognitive Reappraisal

Reinterpret the situation to alter its emotional impact (e.g., view criticism as useful feedback) to reduce
defensiveness and keep focus on objectives; linked to better outcomes.

Positive Framing

Shift emphasis from potential losses to achievable gains to transform competitive stances into collabora-
tive problem-solving.

Emotion Diffusion

Acknowledge heightened affect and de-escalate with calm, soft language and constructive addressing of
issues to prevent conflict escalation.

Expressive Suppression

Temporarily inhibit or mask one’s emotional display to maintain composure and avoid escalation in
sensitive moments.

Active Listening

Attend to verbal and non-verbal cues, paraphrase, and validate concerns so the counterpart feels heard
and understood; builds trust and diagnostic clarity.

Perspective-Taking

Deliberately adopt the counterpart’s viewpoint to infer their motives, constraints, and emotions, enabling
more appropriate and empathetic responses.

Problem Solving

Collaboratively identity, analyze, and resolve issues to craft integrative solutions that meet mutual needs
and goals.

Escalate Assurance

Address concerns with concrete guarantees, clarifications, and commitments (e.g., evidence, safeguards)
to increase confidence and trust, stabilizing the interaction.

No Strategy

Refers to a neutral, task-focused response without explicit emotion management when affect is low/neu-

tral or strategy use is unwarranted.

Table 1: The definition of different emotion-aware negotiation strategies. Examples are given in Appendix A.

ences, beliefs, expectations, and personal values.
Perspective Shift (PS): Adopting an alternate
viewpoint to reduce reactivity and trade-offs.
Mindset transformation (MT): Reframing lim-
iting beliefs into constructive priors for decision
making.

Strategy Selection (SS): Choosing a pertinent
emotion-aware negotiation strategy.

Strategy Reason (SR): Reasoning behind the se-
lected strategy.

Response Generation (RG): Using the selected
strategy to generate agent’s utterance in an ongo-
ing dialogue.

(b) Designing Sample ENS-CoT-enhanced Di-
alogues. We author exemplar dialogues condi-
tioned on the generated scenarios, the user emotion
inventory, and the agent’s emotion-aware negoti-
ation strategy catalog across both domains. For
each domain, we create 10 Wizard-of-Oz dialogues
(Kelley, 1984) with two annotators role-playing the
user and the agent. The dialogues proceed turn-by-
turn, grounded in the scenario: the user produces
an utterance and expresses an emotion; the agent
applies ENS-CoT to perceive, understand, use, and
manage that emotion before responding. Every
agent turn is annotated with an ENS-CoT rationale,
ensuring that responses are emotionally attuned,
strategically appropriate, and interpretable. ‘Guide-
lines for Designing Sample ENS-CoT-enhanced
Dialogues’ are provided in Appendix A.

(c) Dialogue Synthesis via Prompting. We use
the authored dialogue samples as few-shot exem-
plars to prompt ChatGPT to generate entire dia-
logue datasets. To finalize the prompt, we exper-

iment with four manually designed prompts, in-
cluding task instructions with the target negotiation
scenario, and few-shot exemplars (three randomly
selected negotiation scenarios and their correspond-
ing dialogues with ENS-CoT annotations). For
each prompt, we generate 15 dialogues, each for
both the domains by prompting ChatGPT. These
generated dialogues are evaluated by the same
three annotators for emotional intelligence (EI) and
negotiation quality (NQ) on a 1-3 scale (low to
high) under the supervision of a subject matter ex-
pert with HR and sales backgrounds. We obtain
x = 0.81 and 0.84 for EI and NQ, respectively, in-
dicating good quality negotiation dialogues. We
select the prompt that generates the highest number
of dialogues rated as 3 for both EI and NQ, and use
it to construct the final datasets. The final dataset
statistics are reported in Table 2. The dialogue
synthesis prompt template, along with a detailed
analysis of the joint emotion—strategy distribution
and scenario-level topic diversity for both JobNego
and ResNego, is provided in Appendix A.

JobNego ResNego
Train Dev Test | Train Dev Test
# Dialogues 504 168 168 988 330 330
# Utterances 8,124 2,196 2,172 | 13,695 3,314 3,178
Avg. Utterances/Dialogue | 16.12 13.07 1293 | 13.86 10.04 9.63

Table 2: JobNego and ResNego dataset statistics.

3.2 Dataset Filtering and Quality Evaluation

After generating the datasets, we evaluate each di-
alogue based on the following criteria: Emotional
Intelligence (EI), Strategy Appropriateness (SA),
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Figure 2: Architecture of the proposed Preference-ReInforced Self-training approach for an interpretable eMotionally

intelligent negotiAtion dialogue system - PRISMA.

Interpretability (IN), Fairness (F), Coherence (C),
Naturalness (N), and Interestingness (I) (Descrip-
tions are given in Appendix A). The same three
annotators rate every dialogue on a 1-5 scale (low
to high).

We retain dialogues that receive scores > 3 on
all the metrices. For JobNego, the retained dia-
logues attains average ratings of 4.62 (EI), 4.44
(SA), 4.27 (IN), 4.33 (F), 4.25 (C), 4.81 (N), and
4.34 (I), with k scores of 0.85, 0.83, 0.79, 0.82,
0.80, 0.82, and 0.78 for EI, SA, IN, F, C, N, and
I, respectively. For ResNego, average ratings are
4.55 (EI), 4.39 (SA), 4.22 (IN), 4.40 (F), 4.20
(©), 4.77 (N), and 4.29 (I), with corresponding
scores of 0.83, 0.81, 0.80, 0.84, 0.78, 0.80, and
0.77. These results indicate that conversations are
emotionally attuned, strategically appropriate, in-
terpretable, fair, coherent, natural, and engaging
across both domains.

4 Methodology

The overall architecture of PRISMA, a Preference-
RelInforced Self-training approach for an inter-
pretable eMotionally intelligent negotiAtion dia-
logue system is depicted in Figure 2.

Problem Formulation. We present PRISMA that
integrates emotion reasoning with strategy selec-
tion and response generation. The system is de-
signed to (i) generate interpretable CoT rationales
that explain how emotions influence negotiation
strategies, and (ii) generate final responses that
are emotionally attuned and strategically appro-
priate. Formally, given a dialogue context ¢ =
ui,ap ..., uUs—1,a;—1, which is an alternating se-
quence of (¢t — 1) turns between the user (u) and

the dialogue agent (a), and the user’s target turn
(u¢), the negotiation agent PRISMA first generates
an ENS-CoT rationale . The agent’s response
a; = (y) is then generated conditioned on context
c and the selected strategy extracted from r. This
ensures that the agent’s response is emotionally
and strategically appropriate, while also remaining
interpretable, since the rationale explicitly shows
how a specific strategy is chosen.
Proposed Approach. To develop PRISMA, we
introduce a preference-reinforced self-training
paradigm. This is a two-step training procedure
that integrates self-training with DPO to guide the
model toward accurate, interpretable, and emotion-
ally appropriate responses.
Step 1: Supervised Initialization. We begin by
fine-tuning a pre-trained LLM, LLaMA-2-7b (Tou-
vron et al., 2023), on the labeled dataset Dy =
{(ci,7i,vi)}£ |, where L is the number of sam-
ples in Dr. For the i-th input context c;, let
0; = concat((R), 7, (/R), (A),yi, (/A)) be the
target output sequence. The supervised fine-tuned
(SFT) model is obtained by 7y by minimizing the
token-level negative log-likelihood Lg1(6):

M
—E(c,ry)~pp, Z log mo(0om | ¢, 01:m—1)

m=1

Ls1(0) =

)
where M denotes number of tokens in ratio-
nale+response sequence, and o,,, represents the m-
th token in o. This step equips the model with a
seed ability to generate ENS-CoT rationales and
emotion-aware responses during negotiation.

Step 2: Preference-Reinforced Self-Training. Af-
ter initialization, we iteratively refine the model
through two alternating phases:
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(a) Preference Learning via DPO. For some
context ¢ from the unlabeled dataset Dy =
{(ci,y:)}L, (U denotes the number of instances
in Dy), we sample multiple rationales 7 from
mg. We then build a preference dataset Dp =
{(ci,m, 77 )}L | consisting of preferred and re-
jected completions, where r;r is the preferred com-
pletion, r;” is the rejected completion, and P is
the size of the preference dataset. A rationale is
marked preferred if its corresponding response has
cosine similarity to the ground-truth response y;
exceeding a threshold 7;. It is marked rejected if
the similarity falls below a threshold 75°. We then
update 7y by minimizing the DPO loss Lpr (#) on
Dp, yielding DPO-refined model 7y :

‘C’PL(QI) = _E(C,T‘+,T‘7)N’DP
(rt (r— 2

o(rtle)

where, 3 denotes the coefficient controlling the
T s deviation from 7y.

(b) Supervised Fine-Tuning with Updated
Data. Using DPO-refined policy 7y, we gener-
ate rationales for context ¢ € Dy. This forms
a pseudo-labeled set Dg = {(c¢,7,y) | (c,y) ~
Dy, 7 ~ me/(- | ¢)} for next round of supervised
fine-tuning. We retain rationales whose responses
have cosine similarity to the corresponding ground-
truth responses exceeding 73, and remove dupli-
cates. This yields a clean dataset Dy C Dg.The
model is then trained in a supervised way on the
updated dataset, Dy = Dy, U DY. To mitigate the
risk of overfitting and enable continual learning, we
reinitialize training from the pre-trained LLaMA-
2-7b model once the dataset is updated. We do this
rather than continuing to fine-tune the SFT model
7y, following prior works (Zelikman et al., 2022;
Singh et al., 2023).

Step 2 repeats until convergence or the iteration
limit, resulting in a negotiation agent that effec-
tively identifies and interprets emotions, selects
an appropriate emotion-aware negotiation strategy,
and grounds its responses in the chosen strategy.

5 Experiments

We compare PRISMA with 10 baselines: Llama-2-
7b-SFT, Llama-3.2-3b-SFT (Touvron et al., 2023),
Emotion-aware SFT (Llama-2-7b), ICL-AIF (Fu

3All thresholds are chosen empirically based on
development-set similarity distributions, fixed globally across
experiments, and verified for robustness via sensitivity analy-
sis, as detailed in Appendix B.

et al., 2023), AnE (Zhang et al., 2023), Standard,
Proactive, ProCoT (GPT-5) (Deng et al., 2023a;
OpenAl, 2025), PPDPP (Deng et al., 2024), RLHF
(Ouyang et al., 2022). We evaluate MEDIATOR
with both automatic and human judgments. For
automatic evaluation, responses’ general quality is
measured by Perplexity (PPL) (Brown et al., 1992),
BLEU-4 (B-4) (Papineni et al., 2002), BERTScore-
F1 (BS-F1) (Zhang et al., 2019), Distinct-3 (D-3)
(Li et al., 2015), and Response Length (R-LEN);
task success is assessed with Emotion Appropriate-
ness (EA): evaluates the appropriateness of users’
perceived emotions, and Emotion-aware Negoti-
ation Strategy Consistency (ENSC): assesses the
consistency of responses with intended strategies.
For human evaluation, to assess the general qual-
ity of responses, we use Fluency (F), Coherence
(C), and Engagingness (E); and to evaluate for
task success, we mirror automatic metrics - EA
and ENSC, and also report Bargaining Efficacy
(BE) and Outcome Fairness (OF) (Ahmad et al.,
2023). Appendix B provides ‘Implementation De-
tails’, ‘Baselines Details’ and ‘Evaluation Metrics
Details’.

6 Results and Analysis

Automatic Evaluation. Table 3 presents the au-
tomatic evaluation results for PRISMA and base-
lines on JobNego and ResNego datasets. Across
both datasets, PRISMA consistently achieves supe-
rior dialogue generation quality, emotional intelli-
gence, and negotiation performance. In terms of
lexical and semantic metrics, it records the highest
B-4, D-3, and BS-F1 scores. These results reflect
enhanced fluency, diversity, and semantic align-
ment. Furthermore, the model generates longer
responses (R-LEN) while maintaining emotional
appropriateness (EA) and emotion-aware negotia-
tion strategy consistency (ENSC). Specifically, on
JobNego, PRISMA outperforms the strongest base-
line, RLHF. It achieves significant gains of 13.4%,
7.3%, 1.1%, 10.1%, 3.4%, and 3.1% in B-4, D-3,
BS-F1, R-LEN, EA, and ENSC, respectively. On
ResNego, PRISMA achieves similar performance
improvement. Compared to RLHF, it records gains
of 14.0%, 5.2%, 1.0%, 10.8%, 2.6%, and 3.0% in
B-4, D-3, BS-F1, R-LEN, EA, and ENSC, respec-
tively. These improvements show that PRISMA gen-
erates linguistically richer responses. It also better
captures emotional nuances and maintains consis-
tent negotiation strategies. The performance gains
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Models PPL| B-41 D-31 BS-F1t R-LENt EA1 ENSC*?1
JobNego
Llama-2-7B-SFT 6.984 5.806 0.266 0.886 20917 0.572  0.751
Llama-3.2-3B-SFT 7318 4.611 0.271  0.888 21.204  0.579  0.756
Emotion-aware SFT (Llama-2-7b)  6.813 6.312 0.288  0.896 23467  0.712  0.781
ICL-AIF (GPT-3.5) 9.612 5321 0.198 0.852 12904 0462  0.641
AnE 7.623 5.679 0.253  0.879 19.102  0.611  0.737
Standard Prompting (GPT-5) 8.937 5447 0.209 0.858 14906 0486 0.667
Proactive Prompting (GPT-5) 7411 5732 0.259  0.883 19.634  0.566  0.744
ProCoT (GPT-5) 7.842 5618 0.247 0.875 18439  0.642  0.728
PPDPP 7.566 5.637 0.251  0.878 19.221  0.744  0.733
RLHF 6.489 6.277 0.300  0.902 24612  0.814 0.798
PRISMA 5196 7.119 0.322 0.912 27.108 0.842 0.823
ResNego
Llama-2-7b-SFT 6.203 6.194 0.292  0.899 24512 0.607  0.789
Llama-3.2-3b-SFT 6.589 5.190 0.297  0.901 24933  0.612 0.794
Emotion-aware SFT (Llama-2-7b) 5982 7.208 0.313 0.909 27.521 0.755  0.819
ICL-AIF (GPT-5) 8.537 6.143 0.221  0.869 15.318  0.501  0.682
AnE 6.842 6.183 0.283 0.894 23.102  0.644  0.775
Standard Prompting (GPT-5) 8.011 6.154 0.236 0.874 17.842  0.523  0.706
Proactive Prompting (GPT-5) 6.702 6.188 0.289  0.897 23987 0.601  0.783
ProCoT (GPT-5) 6.993 6.179 0.277  0.891 22311  0.683  0.767
PPDPP 6912 6.181 0.279  0.892 22987 0.787  0.771
RLHF 5741 7.218 0.324 0913 29.004 0.852 0.836
PRISMA 4462 8231 0341  0.922 32.137 0.874 0.861

Table 3: Automatic evaluation results. Results are statistically significant at 5% significance level based on t-test

(Welch, 1947).

Models F C E EA ENSC BE OF
JobNego
Llama-2-7B-SFT 3.65 350 340 345 342 330 3.28
Emotion-aware SFT 4.10 398 4.05 4.12 400 395 3.90
ProCoT 388 375 370 382 3.68 3.65 3.60
PPDPP 400 390 3.85 398 392 380 3.78
RLHF 435 422 430 438 420 418 4.12
PRISMA 452 440 448 4.55 448 436 4.30
ResNego
Llama-2-7B-SFT 378 3.65 3.55 362 3.60 348 345
Emotion-aware SFT 424 4.12 4.18 426 4.18 4.05 4.00
ProCoT 402 390 3.86 398 392 385 3.80
PPDPP 4.15 4.05 4.00 4.12 4.08 395 3.90
RLHF (PPO) 447 435 440 451 442 431 424
PRISMA 4.68 4.56 4.62 470 4.64 450 445

Table 4: Human evaluation results. Results are statisti-
cally significant at 5% significance level based on t-test
(Welch, 1947). All metrics are rated on a scale of 1 to 5.

could be attributed to the interpretability enforced
through ENS-CoT rationales during preference-
reinforced self-training, where modeling emotion-
strategy reasoning sequences enables transparent,
emotionally intelligent, and coherent negotiation
behavior.

The baseline model, RLHF, tends to generate
less diverse and less coherent emotion-aware re-
sponses during negotiation. Its inability to follow
the complete reasoning chain might result in lim-
ited awareness and inconsistent understanding of
the user’s emotional states. Emotion-aware SFT

performs well in emotional understanding. How-
ever, it tends to generate shorter, less strategic re-
sponses, thereby limiting negotiation effectiveness.
ProCoT and PPDPP improve contextual control,
but often underperform in emotional alignment and
response diversity. In contrast, PRISMA balances
emotional intelligence and negotiation efficiency,
enhancing both the linguistic and affective aspects
of dialogues. The consistent gains across datasets
highlight its robustness and the effectiveness of the
interpretable ENS-CoT reasoning mechanism.

Human Evaluation. Table 4 presents human eval-
uation results for PRISMA and baselines. Given
the high cost of manual evaluation, we compare
PRISMA against Llama-2-7B-SFT, Emotion-aware
SFT (Llama-2-7b), ProCoT (GPT-5-mini), PPDPP,
and RLHF. On JobNego, PRISMA achieves aver-
age scores of 4.52, 4.40, 4.48, 4.55, 4.48, 4.36,
and 4.30 for F, C, E, EA, ENSC, BE, and OF, re-
spectively, showing consistent improvements of
+0.17, +0.18, +0.18, +0.17, +0.28, +0.18, and
+0.18 points over the RLHF. A similar trend is
observed on ResNego. PRISMA outperforms RLHF
by +0.21, +0.21, +0.22, +0.19, +0.22, +0.19, and
+0.21 points on these metrics. These improvements
highlight PRISMA’s ability to generate emotionally
intelligent and strategically coherent negotiation di-
alogues. The higher F, C, and E scores demonstrate
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Setting Results
ID| EM ET TIA PS MT SS SR RG | PPL| B4t D-37 BS-F11 R-LEN1T EAT ENSC*?
JobNego
0 v v v v v v v 5196 7.119 0.322 0.912 27.108 0.842 0.823
1 v X X v v v v v 6.024  6.486 0.309 0.904 24.816 0.816 0.788
2 v v v X X v v v 6.052 6453 0312 0.904 25.093 0.828 0.792
3 v v v v v X X v 6.081 5352 0310 0.898 25.612 0.834 0.741
4 X X X X X v v v 5951  6.903 0.298 0.896 24.039 0.782 0.702
5 X X X X X v X v 5.879 5204 0.292 0.890 23.521 0.731 0.648
ResNego
0 v v v v v v v 4462 8.231 0.341 0.922 32.137 0.874 0.861
1 v X X v v v v v 4339  7.617 0.326 0.912 29.842 0.853 0.829
2 v v v X X v v v 5392  6.742 0.332 0.914 30.108 0.862 0.834
3 v v v v v X X v 5409 6.664 0.333 0.909 30.573 0.868 0.812
4 X X X X X v v v 5271  7.118 0.318 0.905 28.721 0.821 0.768
5 X X X X X v X v 5205 7431 0311 0.898 28.106 0.783 0.722

Table 5: Ablation study to analyze the impact of different components of ENS-CoT rationales in PRISMA.

PRISMA’s ability to produce fluent, coherent, and
engaging negotiation dialogues that sustain natu-
ral conversational flow. Besides, the superior EA,
ENSC, BE, and OF scores highlight its effective-
ness in maintaining emotional awareness, strategic
consistency, and balanced outcome-focused nego-
tiation behavior. These results indicate that inter-
pretability strengthens emotional alignment and
supports mutually beneficial negotiation outcomes.

Ablation Study.To understand how each compo-
nent of the ENS-CoT rationales affects model per-
formance, we conduct an ablation study to inves-
tigate the impact of different components of the
ENS-CoT rationales. Table 5 reports results across
different configurations in which one or more com-
ponents are removed. In the first ablated model, we
remove the ‘understanding emotion” components,
specifically ET and IA. The second ablated model
omits the ‘using emotion to facilitate thought’ com-
ponents, namely PS and MT. In the third ablated
model, we eliminate the ‘managing emotion’ com-
ponents, which include SS and SR. Finally, the
fourth ablated model excludes the components EM,
ET, IA, PS, and MT, and the fifth ablated model
removes the components EM, ET, IA, PS, MT, and
SR. The removal of any rationale component ad-
versely affects various critical aspects of dialogue
quality, such as the appropriateness of emotions,
the effectiveness of negotiations, and the language
quality of responses. This is evidenced by reduced
scores on metrics such as EA, ENSC, B-4, D-3,
BS-F1, and R-LEN in both datasets.

In particular, when we remove (ET, IA) or (PS,
MT), B-4 increases slightly, but D-3 and BS-F1
drop, and responses become shorter. This shows
that abilities like ‘understanding emotion’ and ‘us-
ing emotion to facilitate thought’ contribute sub-

stantive and varied content rather than n-gram over-
lap. Further, ablating (SS, SR) causes the largest
decline in ENSC, indicating that explicit strategy
choice and its justification are central to keeping
the response aligned with the users’ intended emo-
tions. Also, excluding the ‘perceiving emotion’
(EM) component along with the other components
reduces EA, ENSC, D-3, BS-F1, and R-LEN. This
pattern is consistent with simpler, more templated
outputs that match surface forms but lose strategic
consistency and emotional awareness. In general,
these findings underscore the critical importance
of each component in improving interpretability
and encouraging the generation of emotion-aware
responses within negotiation dialogues.
Additional Analysis. We present more analy-
ses: (1) Impact of Supervised Initialization, Self-
Training, and DPO, (2) Impact of iterative training
in PRISMA, and (3) Case Study in Appendix C.

7 Conclusion

We presented PRISMA, an interpretable, emotion-
ally intelligent negotiation dialogue agent designed
to enhance negotiation outcomes in job interview
and resource allocation domains. In this regard, we
proposed an Emotion-aware Negotiation Strategy-
informed CoT (ENS-CoT) reasoning mechanism
that links perceived emotions to strategy selection
and response generation. Using ENS-CoT, we cu-
rated JobNego and ResNego datasets. PRISMA inte-
grates self-training with DPO through a preference-
reinforced self-training framework, optimizing
step-by-step CoT reasoning for emotion-aware ne-
gotiation responses. Extensive evaluation show that
PRISMA achieves superior emotion appropriateness,
strategy consistency, and negotiation effectiveness
with improved interpretability.
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Limitations

The prompting-based data creation requires sub-
stantial compute and access to LLMs, and inherits
both model biases and the variability of prompt-
based generation. Although the resulting dialogues
are generally fair and natural, quality remains
bounded by the base model. The stronger controls
beyond scenario prompts (e.g., constraint-based de-
coding, verifier models, or weak supervision) could
further improve fidelity. Ensuring interpretability
with ENS-CoT rationales also necessitates human
verification, which constrains scale; realism is lim-
ited by assumptions of fluent interlocutors, coher-
ent turn flow, and the absence of exogenous disrup-
tions. Future work should automate correction/ver-
ification, broaden scenario/diversity coverage (cul-
ture, persona, etc.), and explore multi-emotion and
multi-strategy annotations to better reflect real ne-
gotiation practice.

We also observe that PRISMA can occasionally
produce prescriptive responses rather than fully
collaborative ones, typically due to insufficient rea-
soning about user-specific constraints or implicit
social norms (e.g., workplace expectations). Al-
though human evaluations show that PRISMA gen-
erally behaves collaboratively, this limitation high-
lights an important direction for future work, which
is, guiding ENS-CoT generation and preference
learning toward explicitly collaborative problem-
solving, emphasizing alternatives, phased plans,
trade-offs, and shared decision-making rather than
fixed prescriptions.

Further, the proposed negotiation dialogue agent,
PRISMA, builds on self-training, but we do not sys-
tematically address unlabeled data usage. Pref-
erence construction for DPO depends on rubrics
and thresholds that may encode hidden biases, and
pseudo-labels can amplify early errors in PRISMA.
Moreover, the evaluation is restricted to two bilat-
eral, text-only domains (job interviews and camp-
ing resource allocation) primarily due to a lack of
rationale-annotated negotiation dialogue dataset.
Finally, several automatic proxies (e.g., similarity)
do not substitute for user-centric outcomes; con-
trolled user studies and online evaluations are an
important next step to quantify trade-offs among
interpretability, task success, and user experience.

Ethics Statement

Interpretability is central for negotiation dialogue
systems, especially when modeling emotional in-

telligence. Therefore, this work has been reviewed
and approved by our Institutional Review Board
(IRB). First, we treat dataset curation and distri-
bution with care. All data sources are used in ac-
cordance with their licenses. We screen and filter
generations with the help of linguistics and subject
matter experts to reduce biased, offensive, insen-
sitive, or inappropriate content to avoid potential
unpredictable ethical harm. All human annotators
and evaluators are paid according to the institute’s
norms. To ensure responsible data use, access will
be granted only after the completion and signing of
an agreement stipulating that the data will be used
solely for research purposes.

Second, negotiation involves strategic influence,
so the design and deployment of PRISMA must also
adhere to strict ethical standards. PRISMA is ex-
plicitly optimized for collaborative, non—zero-sum
outcomes: its emotion-aware strategies seek mu-
tually beneficial agreements rather than one-sided
wins. Crucially, user autonomy is preserved at all
times, that is, users can decline proposals that do
not meet their needs, and the system must not pres-
sure, coerce, or manipulate. PRISMA’s ENS-CoT
rationales are exposed to support transparency and
human oversight, enabling users to understand how
the dialogue agent decides a particular strategy.
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Appendix
A Dataset Details

A.1 Prompt Templates

The prompt template used to generate the negoti-
ation dialogue with ENS-CoT rationales is given
below:

Prompt for Negotiation Dialogue Genera-
tion with ENS-CoT Rationales. Variables
enclosed in curly brackets serve as place-
holders that are populated when the tem-
plate is instantiated.

Your task is to generate a negotiation dialogue
between the user and the agent for the {Negotiation
Scenario}. You need to generate the user’s utterance
and mark the expressed emotion (EM), emotion
trigger (ET), individual assessment (IA), perspective
shift (PS), mindset transformation (MT), strategy
selection (SS), strategy reason (SR), and agent’s
response based on the selected strategy (RG).

User’s Utterance: (Turn contributed by the user)
User’s utterance should begin with ‘{ User: ...}’
Emotion: (EM definition) Emotion should begin with
‘{The user feels ...}’

Emotional Trigger: (ET definition) Emotional Trig-
ger should begin with ‘{ User’s ‘Emotion’ is triggered
by...}V

Individual Assessment: (IA definition) Individual
Assessment should begin with *{ The user thinks . ..}’
Perspective Shift: (PS definition) Perspective Shift
should begin with ‘{ Enable the user to consider the
situation from a different angle: ...}’

Mindset Transformation: (MT definition) Mindset
Transformation should begin with ‘{ Enable the user
to think about reframing the belief: ...}’

Strategy Selection: (SS definition) Strategy Selection
should begin with ‘{The agent chooses . ..}’
Strategy Reason: (SR definition) Strategy Reason
should begin with ‘{70 ..., the agent uses ...}’
Response Generation: (RG definition) Agent’s
response should begin with {Agent: ...}’

The user should use the following emotions: (list of
emotions)

The user should use the following emotion-aware
negotiation strategies: (list of strategies)

Examples:

(Few-shot exemplars)

Please adhere precisely to the format provided above,
ensuring that no components are omitted.

— To be generated —

{Generated Dialogue}

The prompt template employed to generate ne-
gotiation scenarios is as follows:
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Prompt for Negotiation Scenario Genera-
tion. Variables enclosed in curly brackets
serve as placeholders that are populated
when the template is instantiated.

Your task is to generate the scenario, summarizing
the negotiation setup, including the task, roles,
issues, constraints, and goals underlying the provided
dialogue.

Examples: (Optional)
(Few-shot exemplars)

The dialogue is as follows:
(Seed Negotiation Dialogue)

— To be generated —

{Generated Negotiation Scenario}

A.2 Examples for Emotion-aware Negotiation
Strategies

Table 6 provides the example utterances for differ-
ent emotion-aware negotiation strategies from the
JobNego dataset.

A.3 Guidelines for Designing Sample
ENS-CoT-enhanced Dialogues

The annotators are instructed to adhere to the fol-
lowing guidelines during dialogue creation:

* To enhance understanding of negotiation and en-
sure the application of best negotiation practices,
we follow (Chawla et al., 2021b) and require the
annotators to watch a tutorial on principled ne-
gotiation strategies before beginning their tasks;

* Begin negotiations with offers that leave room
for concessions and adjustments, allowing both
sides to explore trade-offs;

* Actively elicit and discuss the other party’s pref-
erences, priorities, and constraints to identify
opportunities for integrative outcomes;

* Clearly communicate requirements and ratio-
nales, grounding arguments in realistic job in-
terview (e.g., salary, promotion, benefits) or re-
source allocation (e.g., distribution of supplies,
task responsibilities) scenarios;

* Recognize and respond to the emotional states
expressed by the user, ensuring that the agent
applies ENS-CoT reasoning to perceive, under-
stand, use, and manage emotions in a transpar-
ent manner;,

 Ensure that each agent response is paired with a
concise ENS-CoT annotation, explicitly justify-
ing how a particular emotion-aware negotiation
strategy is chosen;

* Aim for outcomes that balance self-interest with
fairness, recognizing that perceptions of equity
and rationality may differ across negotiating par-
ties;

 Use professional, and empathetic language con-
sistently, especially in situations of disagree-
ment or emotional tension, to maintain rapport
and trust.

A.4 Details of Dataset Quality Evaluation
Criteria

1. Emotional Intelligence (EI): Is the response

appropriate to the user’s expressed emotion, re-

ducing misattunement or escalation?

Strategy Appropriateness (SA): Does the

agent’s utterance operationalize the emotion-

aware negotiation strategy?

3. Interpretability (IN): Is the ENS-CoT rationale
well-formed, complete, and useful?

4. Fairness (F): Does the final outcome reflect a
balanced, and win-win situation?

5. Coherence (C): Is the overall dialogue well-
structured and logical?

6. Naturalness (N): Does the dialogue resembles
the human negotiation?

7. Interestingness (I): Is the dialogue engaging
and rich in content to retain the user’s interest
throughout the negotiation?

N

A.5 Dataset Distribution and Topic Analysis

To assess the balance, diversity, and thematic cov-
erage of the proposed datasets, we conduct a com-
prehensive analysis of (i) the joint distribution
of emotions and negotiation strategies, and (ii)
scenario-level topical diversity for both JobNego
and ResNego.

A.5.1 Emotion-Strategy Distribution

Our datasets are constructed using 12 emotion cate-
gories and 12 emotion-aware negotiation strategies,
yielding 144 possible emotion—strategy combina-
tions. To examine distributional balance, we ana-
lyze the frequency of all combinations across both
datasets. Figure 3 presents a heatmap visualiza-
tion of the joint emotion-strategy distribution for
JobNego and ResNego.

All emotion—strategy pairs appear in both
datasets, and their frequencies are broadly dis-
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Emotion-aware Negotia-
tion Strategy

Examples

Savoring

It’s great to see your excitement, and we appreciate your clear expectations. Let’s discuss the salary
range for the project manager role.

Positive Reinforcement

Great, thank you for being open to compromise. It’s important for us to work together to ensure a
productive and motivating work environment. Let’s continue discussing your needs and expectations for
the company car and workday

Expressing Optimism

We appreciate your confidence in your abilities and your willingness to work with us. Let’s discuss the
promotion track and how we can align our expectations for mutual success.

Cognitive Reappraisal

Thank you for sharing your concerns. Let’s explore other opportunities that match your skills and
experience.

Positive Framing

1 understand your concerns about the workday length. Let’s explore how a shorter workday could lead
to improved productivity and work-life balance while ensuring your career growth expectations are met.

Emotion Diffusion

I am glad we could reach an agreement. I look forward to working with you and discussing opportunities
for professional growth.

Expressive Suppression

I appreciate your honesty. Let’s discuss the employer’s offer and how it can align with your career goals.
How do you see yourself growing within the company?

Active Listening

Thank you for sharing your expectations. I understand your desire for a company car. Let’s discuss what
we can do to ensure a mutually beneficial agreement.

Perspective-Taking

Thank you for sharing your thoughts on the position. Let’s explore the terms of the offer further to find a
mutually beneficial solution. Can we discuss the salary range for the project manager role, and how it
aligns with your expectations?

Problem Solving

I understand your concerns about work hours. How about we discuss possible compromises that can
work for both of us?

Escalate Assurance

I understand your concerns, but we are willing to discuss a salary range of 80-100,000. This is an
opportunity for us to align our expectations and find a mutually beneficial agreement.

No Strategy

Thank you for sharing your expectations. However, we cannot accommodate your requested salary at
this time. We appreciate your understanding and would be willing to discuss alternative options.

Table 6: The example utterances of different strategies in the JobNego dataset.

tributed, with no single combination disproportion-
ately dominating the corpus. This balanced cov-
erage arises from ENS-CoT’s context-dependent
reasoning, where emotion perception and strategy
selection are dynamically conditioned on the ne-
gotiation scenario rather than sampled uniformly.
The observed distribution confirms that the datasets
are not biased toward particular emotional states or
negotiation strategies and instead capture a wide
range of emotionally grounded negotiation behav-
iors.

A.5.2 Topic Diversity and Thematic Coverage

To evaluate thematic comprehensiveness, we per-
form a scenario-level topic analysis based on ne-
gotiation objectives, discussed resources, and con-
tractual elements. This analysis confirms that both
datasets span a diverse range of realistic negotiation
contexts within their respective domains. The topic-
wise distribution of dialogues for both datasets is
summarized in Table 7.

ResNego. ResNego captures multifaceted
resource-allocation negotiations characteristic
of survival, camping, and shared-resource en-
vironments. As shown in Table 7, the dataset
covers:

(b) ResNego

(a) JobNego

Figure 3: Distribution of emotion-strategy pairs in the
JobNego and ResNego datasets. Emotions E1-E12 cor-
respond to joy, confidence, positivity, gratitude, trust,
surprise, anger, disappointment, frustration, fear, anxi-
ety, and neutral, while emotion-aware negotiation strate-
gies S1-S12 correspond to savoring, positive reinforce-
ment, expressing optimism, cognitive reappraisal, posi-
tive framing, emotion diffusion, expressive suppression,
active listening, perspective-taking, problem solving, es-
calate assurance, and no strategy.

* Resource Requests & Immediate Needs: food,
water, shelter materials, and essential supplies;

Firewood & Energy Resources: heating, cook-
ing, and energy sourcing;

Water Access & Safety Conditions: purifi-
cation, drought-related stressors, and drinking
safety;

* Group, Family & Care Responsibilities: nego-
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Topic # Dialogues
JobNego
Salary & Compensation 370
Candidate Qualifications & Fit 235
Negotiation & Agreement Process 115
Career Growth & Future Prospects 120
Total 840
ResNego
Resource Requests & Immediate Needs 495
Firewood & Energy Resources 297
Water Access & Safety Conditions 330
Group, Family & Care Responsibilities 280
Animals & Campsite Safety 246
Total 1,648

Table 7: Topic-wise distribution of dialogues across the
JobNego and ResNego datasets.

tiations involving children, seniors, dependents,
and group-level prioritization;

* Animals & Campsite Safety: wildlife risks,
food storage concerns, and nighttime safety.

JobNego. JobNego reflects realistic professional
negotiation scenarios commonly encountered in
job interviews and workplace discussions. As sum-
marized in Table 7, the dataset includes:

* Salary & Compensation: base pay, compensa-
tion adjustments, and salary expectations;

* Candidate Qualifications & Fit: experience,
skills, role suitability, and team alignment;

* Negotiation & Agreement Process: contract
drafting, term confirmation, and agreement re-
finement;

* Career Growth & Future Prospects: promo-
tion pathways, advancement expectations, and
long-term career planning.

Overall, these topic distributions demonstrate
that both JobNego and ResNego are thematically
comprehensive, covering a broad and realistic spec-
trum of negotiation needs. Combined with bal-
anced emotion—strategy coverage and stable di-
alogue lengths, this analysis confirms that the
datasets are representative and well-suited for
studying emotionally intelligent and interpretable
negotiation behavior.

B Experiment Details

B.1 Implementation Details

All the experiments are implemented in Py-
Torch using transformer architectures from the
Hugging Face library (Wolf et al., 2019), and
trained on an NVIDIA A100 80GB GPU (CUDA
12.8). During dataset preparation, ChatGPT model,

GPT-40-mini is used via API for generating scenar-
ios and dialogues with Top-p sampling (p = 0.95)
(Holtzman et al., 2019) and temperature set to 0.9.
During supervised initialization, the model is fine-
tuned for 2 epochs with batch size 2. In Step 2 (a),
5 rationales per context are generated with temper-
ature 0.7, and 8 = 0.1 in Lpp(¢’). In Step 2 (b), 3
rationales per context are sampled from the DPO-
refined model 7y with temperature 0.7. Models are
optimized using AdamW (Kingma and Ba, 2014)
with weight decay 0.01, gradient clipping 1.0, and
a cosine LR scheduler at 3¢~ with 0.1 warm-up
ratio. During decoding, the temperature is set to
0.7. For Step 2, the number of iterations is empiri-
cally set to 3, with thresholds 71 = 0.8, 79 = 0.4,
and 73 = 0.8. For OpenAI’s GPT-5 experiment,
we use gpt-5-mini via API (OpenAl, 2025).

B.1.1 Sensitivity Analysis of 7, 75, 73

We select the thresholds 71, 72, and 73 empirically
by analyzing the cosine similarity distribution be-
tween generated and reference responses on the
development set. Specifically, we choose 7 and
73 as higher similarity thresholds to identify high-
confidence positive samples that reliably preserve
both the intended emotion and the corresponding
emotion-aware negotiation strategy, while 7o is
chosen as a lower similarity threshold to capture
clearly suboptimal or misaligned responses. A
margin between these thresholds is intentionally
maintained to exclude ambiguous pairs that may
introduce noise during preference learning. Empir-
ically, responses with cosine similarity above 0.8
consistently maintain emotional and strategic align-
ment, whereas responses with similarity below 0.4
frequently exhibit semantic drift, such as generic
replies or incorrect emotion or strategy usage.

To assess sensitivity, we evaluate 71,73 €
{0.75,0.80,0.85} and 72 € {0.35,0.40,0.45}.
As shown in Table 8, across both JobNego and
ResNego datasets, the configuration 71 = 73 = 0.8
and 7o = 0.4 consistently yields the best perfor-
mance on EA, ENSC, and BS-F1, while neigh-
boring settings result in only minor performance
variations. These results indicate that the proposed
approach is not overly sensitive to the exact thresh-
old values, and that selecting higher values for 7|
and 73 and a lower value for 7 based on the similar-
ity distribution provides a stable and reproducible
criterion for preference labeling and pseudo-label
filtering.

45590


https://pytorch.org/
https://pytorch.org/

T T2 73 EAT ENSC?T BS-F171
JobNego
075 035 075 0.828 0.809 0.901
075 040 0.75 0.833 0.813 0.904
075 045 075 0.826  0.807 0.899
0.80 0.35 0.80 0.836 0.816 0.907
0.80 040 0.80 0.842 0.823 0.912
0.80 045 0.80 0.834 0.814 0.905
0.85 035 0.85 0.831 0.812 0.903
0.85 040 0.85 0.837 0.817 0.908
0.85 045 0.85 0.829 0.810 0.900
ResNego
075 035 075 0.858 0.846 0.910
075 040 075 0.863 0.851 0914
075 045 075 0.856 0.844 0.908
0.80 0.35 0.80 0.868 0.855 0918
0.80 040 0.80 0.874 0.861 0.922
0.80 045 0.80 0.866 0.853 0.916
0.85 035 0.85 0.861 0.848 0.912
0.85 040 0.85 0.870 0.857 0.919
0.85 045 0.85 0.859 0.847 0911

Table 8: Performance across different 7 and 7o settings.
Note that 73 = 7.

B.2 Baseline Details

(i) Llama-2-7b-SFT (Touvron et al., 2023): Fine-
tuning LLama-2-7b model on negotiation dia-
logues in a supervised setting.

(i) Llama-3.2-3b-SFT (Touvron et al., 2023):
Fine-tuning LLama-3.2-3b-instruct model on
negotiation dialogues in a supervised setting.

(ii1)) Emotion-aware SFT (Llama-2-7b): Fine-
tuning the LLama-2-7b model on negotiation
dialogues with emotions in a supervised set-
ting.

(iv) AnE (Zhang et al., 2023): Query the LLM

(GPT-40-mini: acting as a strategy expert)

with the targeted context to reason about the

agent’s strategy and then prompt another LLM

(GPT-5-mini) to generate the response based

on the selected strategy.

ICL-AIF (Fu et al., 2023): Engage another

LLM (GPT-40-mini) to provide feedback that

helps the agents refine their strategy (unlike

AnE, the feedback is given at the dialogue

level and iterates) and finally generates the
response using the chosen strategy.

Standard (GPT-5-mini) (Deng et al., 2023a):

Prompting GPT-5-mini using task instruction

without considering any strategy.

(vii) Proactive (GPT-5-mini) (Deng et al., 2023a):

(v)

(vi)

Prompting GPT-5-mini to first choose the
strategy for the agent’s turn, then generate the
response conditioned on that chosen strategy.

(viii) ProCoT (GPT-5-mini) (Deng et al., 2023a):
Extend Proactive by prompting GPT-5-mini
to generate a chain-of-thought analysis that
plans the strategy for the agent’s turn, then
generate the response.

(ix) PPDPP (Deng et al., 2024): A plug-and-play,
tunable LM policy planner trained with SFT
plus RL from goal-oriented Al feedback via
self-play to plan the agent’s strategies.
RLHF (Ouyang et al., 2022): Refine a model
previously fine-tuned on context-response
pairs via supervised learning using Proximal
Policy Optimization (PPO) (Schulman et al.,
2017), leveraging the same preference pairs
generated in Step 2 in an RL setup with KL
regularization.

(x)

B.3 Evaluation Metrics Details

Automatic Evaluation Metrics. Perplexity
(PPL) (Brown et al., 1992) measures how well
the model predicts the next token in a response.
BLEU-4 (B-4) (Papineni et al., 2002) assesses
the overlap of 4-grams between generated and
ground-truth responses. Distinct-3 (D-3) (Li et al.,
2015) evaluates lexical diversity by computing
the proportion of unique trigrams in the generated
responses. BERTScore-F1 (BS-F1) (Zhang
et al., 2019)*. Emotion Appropriateness (EA)
evaluates the appropriateness of users’ perceived
emotions, and Emotion-aware Negotiation Strategy
Consistency (ENSC) assesses the consistency of
generated responses with the intended strategies.

Human Evaluation Metrics. Fluency (F) as-
sesses grammatical correctness and overall lan-
guage quality. Coherence (C) measures whether
responses are logically consistent and contextually
relevant within the dialogue. Engagingness (E)
evaluates how interesting and captivating the con-
versation is for the user. Bargaining Efficacy (BE)
gauges the system’s ability to bargain or present
incentives that can influence the counterpart’s deci-
sions. Outcome Fairness (OF) examines whether
the negotiation results in balanced and equitable
agreements. Additionally, we include EA and
ENSC, which mirror their automatic counterparts
but are judged by humans to provide a more reli-

“BERTScore: https://huggingface.co/spaces/
evaluate-metric/bertscore
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#1Iterations PPL| B-41 D-31 BS-F11t R-LENT EA{1 ENSC?T

Models PPL| B-41 D-37 BS-F1+ R-LEN{? EA1 ENSC1{

JobNego

JobNego

0 5480 6.401 0305  0.899 25612 0.815 0.785
1 5341 6.731 0313 0.904 26298  0.828  0.804
2 5254 6.982 0.318 0.908 26.813  0.836  0.815
3 5196 7.119 0322 0912 27.108 0.842  0.823
4 5271 6950 0.317  0.907 26.547  0.835 0.812
ResNego
0 4710 7423 0327 0910 30.518  0.846  0.828
1 4.603 7.864 0333 0915 31.126  0.860  0.842
2 4524 8.051 0337 0919 31.617 0.868  0.852
3 4462 8.231 0341  0.922 32137 0.874  0.861
4 4531 8.021 0336 0918 31443  0.866  0.848

Table 9: Analysis on the impact of iterative training.

able assessment of emotion appropriateness and
emotion-aware negotiation strategy consistency.

Human Evaluation Process. The human evalua-
tion is conducted by three independent evaluators’.
Two of them hold Ph.D. degrees in Linguistics,
while the third has a postgraduate degree in Com-
puter Science. All evaluators have substantial prior
experience with similar tasks. Before the evalua-
tion, the annotators are briefed about negotiation
scenarios. Each annotator carries out multi-turn
negotiation sessions with the system for a given
scenario, and completes 25 interactions each using
different response sets, resulting in a total of 75
human-evaluated negotiation dialogues. After fin-
ishing the interactions, each dialogue is rated for
F, C, E, EA, ENSC, BE, and OF on the scale of
1-5 (low to high). We compute Fleiss’ x (McHugh,
2012) for all human-rated dimensions, and obtain
rx =0.73 (F), 0.78 (C), 0.76 (E), 0.81 (EA), 0.79
(ENSC), 0.74 (BE), and 0.72 (OF), indicating sub-
stantial agreement among evaluators.

C Additional Analysis

C.1 Impact of Supervised Initialization,
Self-Training and DPO

To investigate the contribution of different training
components in PRISMA, we perform an ablation
study by removing supervised initialization (SI),
self-training (ST), and DPO steps individually. Ta-
ble 10 presents the performance results of these
ablations on both datasets. The removal of SI leads
to noticeable drops in B-4, D-3, and BS-F1 across
both datasets, suggesting that SI is important for
stable model training. The exclusion of the ST re-
duces both diversity and goal attainment metrics
scores, showing that ST helps improve response

These evaluators are separate from those who participated
in the dataset preparation and are compensated in accordance
with institutional guidelines.

27.108 0.842  0.823
24816  0.831 0.805
26.102  0.812  0.784
26.587  0.821 0.774

PRISMA 5.196 7.119 0322 0912
-SI 5412 6.612 0309 0.898
-ST 5285 6.861 0314  0.904
-DPO 5246 6.998 0.317  0.905

ResNego

PRISMA 4462 8231 0.341 0.922
-SI 4.653 7.702 0.327 0910
-ST 4.528 7981 0.333 0916
-DPO 4515 8.071 0336 0917

32137  0.874  0.861
30.124  0.862  0.842
31.021  0.845  0.812
31406  0.833  0.824

Table 10: Ablation to analyze the impact of SI, ST, and
DPO steps in PRISMA. - represents the exclusion of the
element.

variability, emotion appropriateness, and negotia-
tion effectiveness. The omission of the DPO step
results in further decline in performance across all
the metrics on both datasets, indicating that DPO
fine-tuning further refines responses to align with
the intended objective of enhancing emotional in-
telligence in negotiation dialogues.

C.2 TImpact of iterative training in PRISMA

We examine performance over iterations starting
from the supervised initialization checkpoint (itera-
tion 0). Table 9 details the results of this analysis.
In both the data sets, all metrics improve steadily
from iteration 1 to 3, accompanied by a correspond-
ing decrease in PPL. At iteration 4, however, per-
formance consistently drops, indicating overfitting
and reduced focus, which ultimately degrades dia-
logue quality.

C.3 Case Study

Table 11 and Table 12 present sample negotiation
dialogues between the user and agent using the pro-
posed PRISMA system and the RLHF baseline. In
Table 11, the conversation centers on a job offer,
with the user expressing key preferences regarding
salary, company car, pension, and promotion track.
The example illustrates that PRISMA consistently
produces emotion-aware responses, validating the
user’s confidence, disappointment, and concerns
while proposing flexible, collaborative solutions.
In contrast, RLHF provides largely transactional
responses; although it occasionally acknowledges
preferences (e.g., salary), it fails to reason with the
user’s emotions or offer nuanced trade-offs. For
instance, in response to user’s utterance “I’'m ex-
pecting a salary of 90,000,” PRISMA replies, “I ap-
preciate your confidence in your skills. How about
we explore options that balance salary with other
benefits you value?”, recognizing the user’s confi-
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dence and suggesting a balanced approach. RLHF,
however, responds, “That’s high. I understand this
is important to you. How about 60,000?”, bluntly
countering with a fixed offer without empathetic
framing or collaborative guidance. Further, these
examples further demonstrate that PRISMA gener-
ates more fluent, coherent, and engaging responses,
enhancing the negotiation experience. Overall,
the conversations highlight PRISMA’s advantage
in generating emotionally intelligent dialogues that
balance user emotions and negotiation objectives,
whereas RLHF tends toward less engaging, trans-
actional interactions. To concretely demonstrate
the interpretability afforded by ENS-CoT, we also
present the complete ENS-CoT reasoning chain
for a representative negotiation turn from Table 11
(highlighted in blue) in Table 13.

While the proposed PRISMA system consistently
demonstrates emotion-aware negotiation capabil-
ities, effectively validating user confidence, dis-
appointment, and concerns, certain limitations re-
main in its responses. For example, in Table 11,
for the user utterance “I want a fast promotion
track.”, the agent responds with “I see your en-
thusiasm for career growth. If you are willing to
commiit to 10 work hours per week, we could en-
sure a fast promotion track as part of your pack-
age.”. While this response acknowledges the user’s
enthusiasm, it assumes a fixed work-hour require-
ment without reasoning about the user’s potential
workload constraints or the feasibility of balancing
promotion goals with other commitments. As a
result, the response may appear prescriptive rather
than collaboratively problem-solving. To address
this limitation, future improvements could integrate
commonsense knowledge about typical workplace
constraints, workload management, and career pro-
gression paths. For instance, a more informed re-
sponse could be “I see your enthusiasm for ca-
reer growth. Considering that a fast promotion
track usually requires additional commitment, we
could design a phased plan that balances imme-
diate progress with a manageable workload, so
you achieve your goal without overextending your-
self.” This approach leverages commonsense rea-
soning to anticipate practical challenges, providing
a more persuasive, proactive, and emotionally intel-
ligent negotiation response. By incorporating such
knowledge, PRISMA could better justify propos-
als, manage user expectations, and enhance overall
satisfaction during the negotiation.
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Speaker

Utterances generated by proposed model - PRISMA (F=5,C =5,E =5, EA =5, ENSC =5, B-Eff = 5, O-Fair

User
Agent
User
Agent

User
Agent

User
Agent

User
Agent

User
Agent

User
Agent

User
Agent

User
Agent
User
Agent

Speaker

=5)
Hello, I would like to discuss my contract. I'm aiming for the project manager position.

Hi! I’m glad you’re excited about the role. Let’s review the position together to ensure it aligns with your goals.
I’'m expecting a salary of 90,000.

I appreciate your confidence in your skills. How about we explore options that balance salary with other benefits
you value?

I would like a company car as part of the package.

I understand your emphasis on the car, and I want to make sure your priorities are respected. Let’s see how
we can incorporate it with other benefits.

I also expect a 20% pension.

Thanks for clarifying your pension expectations. Perhaps we can structure a plan that gives you both the car and
a reasonable pension.

I want a fast promotion track.

I see your enthusiasm for career growth. If you are willing to commit to 10 work hours per week, we could
ensure a fast promotion track as part of your package.

I’m not happy with the extra work hours.

T'understand your disappointment. Let’s explore alternative ways to meet your promotion goal without overloading
your schedule.

I really need the promotion track immediately.

I hear your urgency, and I value your ambition. One option is a phased promotion track combined with the
company car and pension, so you get immediate progress and long-term benefits.

Okay, but I’'m concerned about the salary being only 60,000.

I understand your concern about salary. While the base is 60,000, we can add performance bonuses tied to
promotion milestones to bring your total compensation closer to your expectations.

That sounds better, but I still want confirmation on the car.

Absolutely, the company car is included. You’ll have the car along with the phased promotion and bonus plan.
Alright, that works. I’'m satisfied.

I’m glad we could reach an agreement that respects your priorities. I'm excited to have you on board as a
project manager!

Utterances generated by RLHF (F =5, C =4, E =2, EA =1, ENSC = 2, B-Eff = 3, O-Fair = 3)

User
Agent
User
Agent
User
Agent
User
Agent
User
Agent
User
Agent
User
Agent

Hello, I would like to discuss my contract. I'm aiming for the project manager position.
Hello. I see you’re eager about the role. Let’s see what we can do for your position.
I’'m expecting a salary of 90,000.

That’s high. I understand this is important to you. How about 60,000?

I would like a company car as part of the package.

Maybe we can include a car. Not sure about the pension yet.

I also expect a 20% pension.

Pension too? That might be difficult.

I want a fast promotion track.

We can talk about promotion later. Salary and car first.

Okay, but I'm concerned about the salary being only 60,000.

I see your concern about the salary. That’s what we can offer. You’ll need to accept it.
Alright, that works. I'm satisfied.

Great. We’ll proceed with that.

Table 11: Emotion-aware negotiation dialogue generated by PRISMA and RLHF for a job offer. Text segments
highlighted in bold indicate spans that demonstrate emotional intelligence during the negotiation.
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Speaker

Utterances generated by proposed model - PRISMA (F =5, C =5, E =5, EA =5, ENSC = 4, B-Eff = 5, O-Fair
=4)

User
Agent

User
Agent

User
Agent

User
Agent

User
Agent

User
Agent

User
Agent
User
Agent

User
Agent

User
Agent
User
Agent

User
Agent

User
Agent

User
Agent
User
Agent

Hello! I have a metabolic issue and need a lot of food. I'd like all 3 food items. What’s your preference?

Hi! I hear your concern. I sense your anxiety and want to help you meet your needs. I'll need water and firewood
for the desert night. Could we explore a trade that works for both of us?

I really need at least 2 food items. I can compromise on firewood.

I appreciate your confidence in sharing your needs. How about I take all 3 water items for hydration, and we
split the firewood so you stay warm?

That might work. Maybe 1 firewood for me and 2 for you?

I see your concern about warmth and want you to feel secure. 1 firewood for you and 2 for me seems fair. Does
this ease your anxiety?

Yes, but I still worry about not having enough food for my condition.

I understand your frustration and want to reassure you. If you get all 3 food items, I can adjust my firewood
allocation to balance the trade.

That sounds better. Could we do 3 food and 1 firewood for me?

I appreciate your optimism in proposing a fair split. I can take all 3 water and 2 firewood. Both our critical needs
are addressed.

Okay, but I feel a bit uneasy giving up more firewood than I hoped.

I notice your disappointment and want to reframe this positively. You still have enough firewood to stay warm,
and your food needs are fully met.

Alright, I trust this plan.
I appreciate your trust. This shows we’ve found a solution that respects both our priorities.
Can we confirm the final distribution?

Absolutely, let’s summarize so you feel confident. You receive 3 food and 1 firewood, I take 3 water and 2
firewood. Everyone’s essential needs are covered.

I’m happy with this, but I'm a little worried about the cold nights.

I sense your fear and want to reassure you. With 1 firewood and 3 food, you’ll have enough warmth and energy
for the night.

That’s comforting. Thank you.
I’m glad this reassurance helps. It’s important we both feel safe with our resources.
I guess we could swap 1 water for 1 firewood to make it slightly more balanced.

I see your willingness to compromise, and I value that positivity. If we do 2 water for me and 2 firewood for you,
it slightly improves your warmth without compromising hydration.

That works better for me.

I notice your relief, and I’m glad we found a solution. It feels good to reach an agreement that addresses both our
needs.

T hope I can manage the nights with this setup.

I sense some lingering anxiety. Remember, the firewood plus your food will help you stay warm and energized.
We’ve optimized the distribution for safety.

Okay, I feel much better now.

I’m happy to hear that your anxiety eased. It’s satisfying to know the solution works for both of us.
Great! Let’s finalize the deal.

I’m glad we reached a mutually beneficial agreement. Enjoy your meals and stay warm at night!

Speaker

Utterances generated by RLHF (F =5, C =4, E = 3, EA =2, ENSC = 3, B-Eff = 2, O-Fair = 2)

User
Agent

User
Agent
User
Agent
User
Agent
User
Agent

Hello! I have a metabolic issue and need a lot of food. I'd like all 3 food items. What’s your preference?

Hi! I sense your anxiety and want to help you meet your needs. I’ll need water and firewood for the desert night.
Could we explore a trade that works for both of us?

I really need at least 2 food items. I can compromise on firewood.

I appreciate your confidence. How about I take all 3 water items, and we split the firewood so you stay warm?
That might work. Maybe 1 firewood for me and 2 for you?

I see your concern about warmth. 1 firewood for you and 2 for me seems fair. Does this ease your anxiety?
Okay, I feel much better now.

I’m glad your anxiety eased. It’s satisfying to know the solution works for both of us.

Great! Let’s finalize the deal.

I’m glad we reached a mutually beneficial agreement. Enjoy your meals and stay warm at night!

Table 12: Emotion-aware negotiation dialogue generated by PRISMA and RLHF for resource allocation. Text
segments highlighted in bold indicate spans that demonstrate emotional intelligence during the negotiation.
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Component ENS-CoT Output

User Utterance “Okay, but I'm concerned about the salary being only 60,000.”

Emotion (EM) The user feels concerned and mildly disappointed about the lower-than-expected salary.
The user’s concern is triggered by hearing that the base salary is 60,000, which is sub-

Emotional Trigger (ET) stantially lower than their earlier expectation of 90,000 and below what they believe their

skills merit.
The user interprets the offer as potentially undervaluing their capabilities and worries that
this salary may not match their financial needs or market worth for a project manager role.
Enable the user to consider the overall compensation package (base salary + performance
Perspective Shift (PS) bonuses + promotion milestones) rather than focusing solely on the base salary figure, so
they can see additional pathways to reach their target.
Encourage the user to reframe the belief from “60,000 is simply too low” to “a base of
Mindset Transformation (MT) 60,000 combined with structured performance bonuses and promotion-linked incentives
can move total compensation closer to my expectations while rewarding my growth.”
Strategy Selection (SS) The agent chooses “Positive Framing”

Individual Assessment (IA)

To acknowledge and validate the user’s salary concern while redirecting attention toward
Strategy Reason (SR) gains, performance bonuses, and promotion milestones that increase total compensation,
so the user feels both respected and optimistic about future earning potential.
“Iunderstand your concern about salary. While the base is 60,000, we can add performance
Agent Response (RG) bonuses tied to promotion milestones to bring your total compensation closer to your
expectations.”

Table 13: A case study illustrating a complete ENS-CoT reasoning chain for a single negotiation turn in the JobNego
dataset.
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