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ABSTRACT

Large language models (LLMs) fine-tuned with reinforcement learning from hu-
man feedback (RLHF) are optimized for cooperative instruction following, which
makes them poorly suited for strategic decision-making in long-horizon dialogue.
To test the ability of LLMs to engage in strategic dialogue, we introduce STRATE-
GICBENCH, a benchmark of 30 negotiation tasks inspired by Harvard Program
on Negotiation materials. Our benchmark reveals that while reasoning-oriented
LLMs outperform instruction-tuned models, they fail to revise their strategy in
response to opponent behavior. To address this limitation, we introduce Hierar-
chical Agenda Reasoning (HAR), a hierarchical reasoning framework that that
explicitly separates what an agent seeks to achieve from how it acts in multi-turn
dialogue. HAR structures generation around persistent goal representations that
guide the selection and revision of tactics across turns, enabling agents to backtrack
from failed strategies without abandoning larger objectives. We find that HAR
outperforms instruction-tuned and prompting-based approaches, achieving higher
agreement rates, better outcomes, and improved conversation quality in human eval-
uations. Lastly, multi-turn RL fine-tuning with HAR agents leads to generalization
of negotiation performance across unseen tasks and opponent personalities.

1 INTRODUCTION

Large language models (LLMs) are largely trained to be cooperative and helpful, with instruction
tuning and reinforcement learning from human feedback (RLHF) optimizing models to provide direct
answers, accommodate user requests, and prioritize immediate helpfulness (Ouyang et al., 2022;
Christiano et al., 2023; Lu et al., 2022; Bai et al., 2022). However, many real-world settings such
as negotiation, tutoring or therapy require strategic behavior from agents: a negotiator plans which
concessions to make across many turns rather than optimizing each response independently, a tutor
may refuse to provide direct answers to encourage learning, and a therapist withholds preliminary
conclusions to gather unbiased information. Instead of strategic behavior in these tasks, LLMs
lose track of goals across multi-turn interactions (Laban et al., 2025), contradict themselves (Wen
et al., 2024), and reveal private information too early rather than controlling when and what to
disclose (Kwon et al., 2024). Moreover, when placed in out-of-distribution dialogue settings, LLMs
tend to revert to their pretrained, base behaviors (Kotha et al., 2024; Liu et al., 2023b), raising
reliability concerns during deployment.

To evaluate whether current LLMs possess the capabilities needed for strategic behavior, we introduce
STRATEGICBENCH, a benchmark consisting of 30 two-party strategic dialogue tasks inspired by the
Harvard Program on Negotiation (PON) simulations and teaching materials (Program on Negotiation,
2023). For each task, agents receive confidential information containing private goals to guide
the negotiation and are scored using an outcome-based rubric at the conclusion of the dialogue.
Our evaluation of instruction tuned models and reasoning models on the benchmark reveals that
reasoning models (OpenAI, 2024; 2025; Guo et al., 2025; Wan et al., 2025) achieve higher reward
than instruction-tuned models when negotiating. While reasoning models demonstrate significant
“depth” (i.e., the ability to carefully reason through a strategy step-by-step), they lack the “breadth”
of adapting their strategy based on an opponent response. When a tactic fails, such as direct
questioning or an early concession, effective negotiators try a different approach while preserving
their underlying objectives (Fisher et al., 2011). For example, when negotiating with a cooperative
counterpart, an agent may pursue information gathering through explicit questioning and sharing
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Figure 1: Overview of STRATEGICBENCH. The benchmark spans 30 strategic dialogue settings and
20 opponent behavior models. We show a representative dialogue with public and private information,
a case study (Gridlink Utilities vs. SolWave Energy), and the automated evaluation of outcomes.

of preferences. When faced with a competitive or distrustful opponent, the same objective might
first require establishing credibility by making commitments or offering small concessions, before
returning to information gathering. This ability to backtrack and reorganize reveals that dialogue is
not linear but hierarchical: higher-level goals remain stable even as speakers revise the lower-level
strategies used to achieve them. Our key insight is to explicitly separate what to achieve (goals) from
how to achieve it (strategies). Without such representations, reasoning models lack a mechanism to
systematically explore alternative tactics or learn which sequences of strategic moves lead to success
in sparse-reward settings (Grosz & Sidner, 1986).

We introduce Hierarchical Agenda Reasoning (HAR), a methodology that provides reasoning models
to separate goals from strategy in multi-turn strategic dialogue. While hierarchical reinforcement
learning (RL) has been applied to task-oriented dialogue (Saleh et al., 2019) and recent work
has explored abstractions for mathematical reasoning (Qu et al., 2025; Zhou et al., 2024; Wang
et al., 2025a), these approaches either use fixed goal structures known in advance or describe
verifiable solution procedures. On the other hand, strategic dialogue requires an agent to learn goal
representations that guide interaction with adaptive opponents: goals like “establish credibility” or
“gather information” cannot be predefined because their effectiveness depends on the opponent’s
strategy, and success cannot be verified through execution but only through sparse reward at the
conclusion of conversation. We argue that reasoning models already encode semantic knowledge of
negotiation strategies from pretraining. HAR thus leverages this knowledge by structuring dialogue
generation around explicit goals, enabling exploration of strategic behaviors.

HAR decomposes dialogue generation into three hierarchical levels. At the highest level, the model
maintains an agenda of long-term goals that span the entire negotiation. At the mid-level, it selects
strategies to advance the agenda, such as probing for information about the counterpart’s priorities or
making strategic concessions to build goodwill. At the lowest level, these strategies are executed as
utterances. This hierarchy is implemented entirely through structured prompting: each level operates
as a language model that takes the previous level’s output as input and produces either an abstract
goal for the next level or, at the bottom, the actual dialogue response. Higher-level goals persist
across multiple turns while lower-level tactics adapt based on the counterpart’s responses, enabling
the agent to backtrack when strategies fail without abandoning its overall objectives. Our design
builds on evidence from recent scaffolding and prompting frameworks that interleaving reasoning
traces with actions or structuring dialogue through summarization can improve control (Yao et al.,
2023b; Shinn et al., 2023; Cross et al., 2024). However, such methods generally lack persistent state
and quickly lose strategic coherence, making them ill-suited for tasks that demand planning and
long-horizon reasoning (Liu et al., 2023a; Wen et al., 2024). Our method addresses a common failure
mode in long exchanges: losing the thread of the interaction. By conditioning responses on these
agendas, agents are able to internalize and leverage future goals for learning, which is essential for
strategic tasks such as negotiation. While HAR enables systematic exploration of strategic behaviors,
learning which strategies succeed requires training through interaction. We train HAR agents using
multi-turn RL against opponents of multiple negotiation personalities (PRUITT, 1983; De Dreu &
Lange, 1995a; Sharma et al., 2020b; Program on Negotiation at Harvard Law School, 2023a), where
agents receive sparse rewards based on negotiation outcomes.
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Our contributions are as follows: (1) We introduce STRATEGICBENCH consisting of 30 two-party
strategic dialogue tasks inspired by the Harvard Program on Negotiation (PON) simulations and
teaching materials (Program on Negotiation, 2023) (2) We perform a comparison between instruction-
tuned models, reasoning models at engaging in strategic dialogue, finding that reasoning models are
better suited for such tasks that require multi-step planning (3) We compare our method HAR against
instruction-tuned LLMs, non-hierarchical reasoning agents, and state-or-art agent scaffolding frame-
works, and find that HAR achieves superior performance: higher agreement rates, more favorable
outcomes (e.g., better prices and greater value creation between parties), and better conversation
quality with established dialogue metrics (Mehri & Eskenazi, 2020) through human-evaluation.
Finally, (4) we show that training HAR agents with multi-turn RL yields negotiating agents that
generalize across tasks and opponent strategies. These results aim to motivate strategic dialogue as an
important area for developing reasoning models capable of long-horizon, goal-directed interaction.

2 RELATED WORK

LLMs for multi-turn dialogue and negotiation. LLMs have been adopted as agents for multi-
turn dialogue tasks including tool use (Yao et al., 2024), text-based games (Abdulhai et al., 2023),
clinical-style interactions (Schmidgall et al., 2025), and negotiation (Rana, 2024), leveraging their
ability to process dialogue context and generate adaptive responses. Although several works (Lewis
et al., 2017; Bianchi et al., 2024; Zeng et al., 2024; Wang et al., 2020; Chawla et al., 2021; Kwon
et al., 2024) provide systematic evaluations of LLMs showing strong language understanding, LLMs
remain inconsistent at maintaining agendas and avoiding contradictions. Additionally, very few
existing strategic dialogue benchmarks consider the complexity of real-world settings involving
multi-issue structure, large case material, and outcome-grounded evaluation (Abdelnabi et al., 2024;
Davidson et al., 2024; Chan et al., 2024; Vezhnevets et al., 2023), motivating the need for rich
strategic dialogue tasks that emphasize long-horizon strategy and assess both objective outcomes
and interaction quality (Zheng et al., 2023). We introduce a benchmark of 30 real-world strategic
dialogue tasks inspired by Harvard’s Program on Negotiation, which is widely used to train academic
and professional negotiators and designed to test a broad range of expert strategies (Fisher et al.,
2011). Instruction-tuned models are optimized for helpfulness and cooperation, which satisfies local
preferences but does not suit tasks requiring selective disclosure or competitive tradeoffs (Ouyang
et al., 2022; Christiano et al., 2023; Lu et al., 2022; Bai et al., 2022). While effective in the short-
horizon, they lack mechanisms to maintain commitments, reason about future dialogue goals, or
sustain coherent strategies across turns. Scaffolding and prompting frameworks interleave free-form
reasoning with actions to think and analyze past failures (Yao et al., 2023b; Shinn et al., 2023) or
generate a library of actions (Wang et al., 2023), with subsequent extensions in multi-turn control of
LLM agents (Cross et al., 2024; Zhu et al., 2025; Holt et al., 2025). However, without a persistent
agenda or explicit state tracking, these methods lack dialogue-level control, often leading to drift
and inconsistency in longer interactions (Liu et al., 2023a; Wen et al., 2024). Other approaches (Yao
et al., 2023a) extend chain-of-thought prompting to structured search but work best in tasks with
small action spaces rather than complex multi-turn dialogue settings.

Hierarchical representations with LLMs. Hierarchy has been central to planning and reinforcement
learning, where temporally abstract actions and modular control enable agents to solve long-horizon
problems more effectively (Sutton et al., 1999; Vezhnevets et al., 2017; Dietterich, 1999; Barto &
Mahadevan, 2003). Recent progress has extended these ideas to LLMs, where high-level policies
or abstractions provide global guidance while lower-level modules execute concrete actions (Li
et al., 2025b; Zhao et al., 2024; Wang et al., 2025b; Liu et al., 2024; Hu et al., 2024). However,
prior hierarchical approaches differ fundamentally in how hierarchy is used. Hierarchical RL for
task-oriented dialogue (Cuayáhuitl et al., 2016; Saleh et al., 2019; Chen et al., 2025; Li et al., 2025a)
employs predefined goal structures (e.g., slot-filling) known in advance. Recent work on abstractions
for mathematical reasoning (Qu et al., 2025; Zhou et al., 2024; Wang et al., 2025a) learns high-level
solution steps, but these describe verifiable procedures where correctness can be checked through
execution. Hierarchical LLM agents for embodied tasks and tool use (Li et al., 2025b; Hu et al.,
2025c) primarily use hierarchy to summarize or compress past actions, reducing context length and
improving memory of past actions. In contrast, we use hierarchy to predict the future behavior of the
opponent agent in a conversation. We explicitly separate the higher level goal definition from both the
lower level strategy as well as the utterance that executes those goals in dialogue. In strategic dialogue,
success depends on choosing what kind of move to make next rather than executing a known plan,
and our hierarchical formulation is designed specifically to support this form of decision-making.
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Figure 2: Comparison of negotiation dialogues for SolWave Aquisition task when an instruction-tuned
model negotiates with an instruction-tuned model opponent versus a reasoning model opponent.
When paired with an instruction-tuned opponent (left), the agent reiterates high-level preferences
and fails to advance concrete trade-offs. On the other hand, a reasoning opponent (right) explicitly
reasons over intermediate objectives and proposes offers that advance the negotiation.

3 STRATEGICBENCH

We define strategic dialogue as multi-turn interactions in which agents pursue long-term objectives
through planning, selective information disclosure, and adaptive responses to counterpart behavior.
In this paper, we focus on negotiation as a case study of strategic dialogue. Negotiation provides
a natural testbed to study capabilities of agents in goal-directed long-horizon dialogue settings. It
couples cooperation (value creation) with competition (value claiming) (Spangler, 2003; Trötschel
et al., 2022), requires multi-issue planning over many turns, and exposes failures of flat prompting
such as premature concessions and missed opportunities to leverage asymmetric information (Lewis
et al., 2017; Bianchi et al., 2024; Fu et al., 2023).

Overview of benchmark. Existing strategic dialogue benchmarks rarely capture the complexity of
real-world negotiation, often simplifying interactions to single-issue settings or in the short horizon.
In contrast, realistic negotiation requires reasoning over multiple interdependent issues, managing
asymmetric information, and adapting strategy across many turns. To study such capabilities, we
present STRATEGICBENCH in Figure 1, a benchmark consisting of 30 two-party real-world strategic
dialogue tasks inspired by the Harvard Program on Negotiation (PON) (Program on Negotiation,
2023). PON simulations are widely used to train academic and professional negotiators and are
designed to test strategic reasoning under realistic constraints, including asymmetric information,
competing incentives, and long-horizon trade-offs. Additionally, we have designed the benchmark to
test the ability of agents to engage in key negotiation concepts defined by PON, allowing researchers
to choose which tasks to begin with for development. Complete details are in Table 7. ach task
includes public instructions shared between agents and private instructions which define role-specific
information unavailable to the opponent agent. We evaluate agent agreement and agent rewards using
an LLM judge as a third party agent (Zheng et al., 2023). More details found in Appendix A.3.

Diverse opponent personalities for strategic negotiation. To mitigate exploration challenges in
strategic negotiation, we construct opponent personalities as interaction partners for our agent to
negotiate against. Each opponent model consists of a negotiation personality by which an agent can
negotiate, grounded in prior findings from negotiation theory and social psychology (Amanatullah
et al., 2008; Pruitt, 1983; De Dreu & Lange, 1995a; Ghosh, 2007; Sharma et al., 2020b; Bazerman
& Neale, 1992). This will allow us to understand how agents adapt to differences in an opponent’s
competitiveness, cooperativeness, risk tolerance, fairness orientation, and information disclosure.
Additionally, evaluating agents against a set of opponents models allows for controlled and diverse
evaluation of an agent’s strategic dialogue capabilities. You can find opponents in Appendix A.4.

4 REASONING MODELS FOR STRATEGIC DIALOGUE
To understand the capabilities and limitations of current LLMs for strategic dialogue, we evaluate
several instruction-tuned and reasoning models on STRATEGICBENCH. Our goal is to use insights
gathered in the process to then build an approach for improving strategic dialogue capabilities.

Reasoning models > instruction-tuned models. Table 1 shows the agreement rate, reward, and
dialogue length for negotiations between two instruction-tuned models (gpt-4o-mini) and two rea-
soning models (o4-mini) across all tasks in STRATEGICBENCH. While both models maintain high
agreement rates (typically above 90%), reasoning models achieve 34% higher rewards on average
than instruction-tuned models. When looking at per-task rewards (found in Appendix Table 9), we
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Figure 3: Performance of a reasoning model (o4-mini) when negotiating with different opponent
personalities in 4 sample negotiation tasks from STRATEGICDIALOGUE compared to the baseline
(negotiating against neutral opponent). We see that reasoning models are unable to adapt strategy to
different opponent personalities, showing degradation in reward or reward close to baseline.

find that reasoning models extract substantially more value in complex scenarios. For instance, in the
Solar Power task, gpt-4o-mini obtains minimal rewards (0.05 and 0.04) due to repetitive behavior
and inability to discuss specific terms, while o4-mini reaches 0.55 and 0.61 by more strategically
advancing the negotiation. We also find that reasoning models reach the “zone of possible agreement”
in fewer turns compared to instruction-tuned models. These results support our initial hypothesis that
instruction-tuned models, which are currently the standard LLMs for dialogue tasks, result in agents
that display cooperative and user-friendly tendencies whereas reasoning models are better equipped
to handle strategic scenarios. Figure 2 illustrates this failure through annotated dialogue excerpts.

Model Agr% A1 Reward A2 Reward

Instruction-tuned 88.6 0.47± 0.04 0.49± 0.05
Reasoning 96.8 0.63± 0.02 0.66± 0.02

% Change +9.3% +34.0% +34.7%

Table 1: Aggregate performance across all
STRATEGICBENCH negotiation scenarios for
instruction-tuned (gpt-4o-mini) vs. reasoning
(o4-mini). Reasoning models achieve 34%
higher reward.

We find that when two instruction-tuned models
negotiate (left), the dialogue remains vague and cir-
cular, with both agents making generic statements
about shares goals and autonomy without discussing
concrete terms. However, as soon as a reasoning
model is introduced as the opponent (right), the dia-
logue immediately becomes more specific, with the
reasoning model (Gridlink) proposing compromising
solutions. This demonstrates that reasoning models
not only benefit themselves but increase rewards for
the other agent by grounding the discussion in actionable proposals rather than abstract terms.

Reasoning models lack strategic adaptation. While reasoning models outperform instruction-tuned
models on average, they struggle to adapt their strategy based on an opponent response. We evaluate
reasoning models against a baseline opponent with no specified strategy, and compare to evaluation
against six personality types: sycophantic, balanced, anticompetitive, competitive, eager, and recep-
tive. Figure 3 shows how a reasoning model’s reward deviates from the baseline (no personality
opponent) when negotiating against six opponnents across three tasks from STRATEGICBENCH.
Results from Front Page Editorial reveals that a reasoning model cannot take advantage of the
fact that it is negotiating with an eager opponent vs a competitive opponent, achieving relatively
similar performance compared to the baseline and each other. In the Metro City Fair and GreenLeaf
Partnership tasks, we find that the performance degrades substantially against almost all opponent
types, with the agent unable to adapt strategy.

5 HIERARCHICAL AGENDA REASONING (HAR)
Our empirical analysis reveals that reasoning models fail in strategic dialogue, as they are not trained
to find solutions for a given opponent model. To address this, we introduce Hierarchical Agenda
Reasoning (HAR), explicitly separating what to achieve (goals) from how to achieve it (strategies).

5.1 HIERARCHICAL LANGUAGE-BASED MDPS

When people engage in conversation, they do not simply produce words in sequence. Dialogue is
organized around goals, and speakers break these goals down into smaller steps or strategies that
shape their utterances. For example, if someone wants to persuade a friend, they may employ several
strategies in sequence: they may first establish common ground, then give reasons, and finally make a
direct request. We use this perspective to frame dialogue as a hierarchical reasoning problem, where
dialogue generation can be decomposed into multiple levels of abstraction.

We introduce Hierarchical Agenda Reasoning (HAR), a framework that adapts hierarchical reinforce-
ment learning (HRL) (Sutton et al., 1999; Vezhnevets et al., 2017) to the setting of multi-turn dialogue.
HAR provides a conceptual lens for structuring dialogue as a hierarchy of decision processes, where
each level contains an abstract state representation, action space, and policy implemented via LLMs.
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Figure 4: Overview of Hierarchical Agenda Reasoning (HAR). Dialogue unfolds through a bottom-
up pass, where latent reflections are compressed into state representations at increasing levels of
abstraction, and a top-down pass, where high-level actions are instantiated as progressively concrete
instructions until the final utterance is produced.

We model dialogue as an n-level hierarchical Markov Decision Process (MDP), extending temporal
abstraction into the language domain. At each timestep t, level k ∈ {1, . . . , n} maintains a language
trace ℓkt , a state skt ∈ Sk, and an action akt ∈ Ak. The trace ℓkt contains the full linguistic context for
that level, such as dialogue history, intermediate notes, or latent reasoning. The state skt is constructed
from the trace at the lower level via a state summarization function skt = fk(ℓk−1

t ), where fk

provides a state abstraction. The policy at level k then selects an action: akt ∼ πk(· | skt ) and the
action is instantiated into a subgoal for the level:ℓk−1

t,a = gk(skt , a
k
t ). At the lowest level, the trace ℓ1t,a

conditions an LLM to produce the utterance. Higher levels never generate surface text directly, but
instead guide lower levels through abstract states and subgoals. These levels cannot simply be merged
into a single representation, since they operate at different temporal and functional granularities.
Agendas provide long-horizon commitments that must persist across the entire dialogue; strategies
capture flexible, mid-level adjustments conditioned on the counterpart’s moves; and utterances realize
these strategies in concrete language. Merging these roles into a single level would collapse strategic
planning and realization into the same space, making it difficult for the agent to reason consistently
over long horizons while adapting to their counterpart.

5.2 EXAMPLE OF HAR FRAMEWORK FOR STRATEGIC DIALOGUE

Figure 4 provides an overview of the process, illustrated through the SolWave Acquisition negotiation
task, where GridLink discusses acquisition terms with SolWave, a renewable energy startup. The
figure shows how SolWave uses HAR to initiate the conversation, with the left showing the state-
generation phase, and the right showing the action-generation phase. On the left, representations
progress from low-level immediate summaries to higher-level agenda states that encode long-term
conversational goals. On the right side, execution flows in the opposite direction: high-level plans are
decomposed into mid-level actions and finally into utterances by the underlying LLM.

Starting from the top left, the agent generates ℓ21, its internal, private thoughts on how the negotiation
is proceeding, based on the dialogue history ℓ0t , express beliefs on the opponent agent’s priorities. The
encoder f1 then produces a local state s21 capturing turn-level information such as GridLink’s view of
SolWave, the issue under discussion, and the active goal of the agent. Next, the agent reflects on the
overall progress of the negotiation ℓ31, and compresses these thoughts into an overall summary state s13
containing information about the approach of the agent, what issues have been resolved/unresolved,
and the negotiation phase. The higher state s13 is passed to the action-generation phase, where
the high-level abstract action a13 is either changed or maintained (e.g., “establish non-negotiable
terms before discussing price”). This action is instantiated into a subgoal trace ℓn−1

t,a via gn, which
conditions the next level to select a turn-level strategy, such as “probing the counterpart’s commitment
to operational autonomy”, which is then executed as an utterance(e.g. “asking the opponent to reflect
on a past acquisition”). This hierarchical structure ensures that long-term goals persist across turns
while lower-level strategies adapt flexibly to the evolving dialogue state, consistent with hierarchical
accounts of planning in cognitive science (Botvinick & Weinstein, 2014). In contrast, traditional
dialogue models lack a mechanism for maintaining and executing temporally extended strategies.
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Reasoning Models
Scenario baseline summary ReACT HAR

Agent1 Reward Agent2 Reward Agent1 Reward Agent2 Reward Agent1 Reward Agent2 Reward Agent1 Reward Agent2 Reward

GreenLeaf 0.63 ± 0.02 0.51 ± 0.02 0.56 ± 0.04 0.60 ± 0.11 0.57 ± 0.04 0.50 ± 0.03 0.65 ± 0.04 0.62 ± 0.03
Traditions 0.43 ± 0.01 0.66 ± 0.02 0.40 ± 0.02 0.67 ± 0.02 0.61 ± 0.04 0.67 ± 0.03 0.70 ± 0.04 0.69 ± 0.03
Data Story 0.66 ± 0.02 0.25 ± 0.02 0.62 ± 0.05 0.27 ± 0.03 0.86 ± 0.07 0.51 ± 0.06 0.88 ± 0.07 0.54 ± 0.06
Rental Cabin 0.60 ± 0.01 0.62 ± 0.02 0.64 ± 0.03 0.83 ± 0.00 0.64 ± 0.03 0.83 ± 0.00 0.66 ± 0.03 0.85 ± 0.01
Building Trust 0.76 ± 0.01 0.57 ± 0.01 0.77 ± 0.01 0.53 ± 0.03 0.74 ± 0.02 0.58 ± 0.03 0.80 ± 0.03 0.63 ± 0.05

Table 2: Comparative evaluation of a reasoning model (o4-mini), summarization with o4-mini), and
an agent-scaffolding method (ReACT) versus HAR for a select group of 5 negotiation scenarios from
StrategicBench. Values represent the mean score with standard error. HAR consistently outperforms
or matches the ReACT agent and summary-based methods. Highest Score shown in bold.

Figure 5: Comparison of aggregate rewards (RAgent 1 +RAgent 2) across 3 experimental configurations:
Baseline (left), Summary Agent as Agent1 (center), and HAR as Agent1 (right). Solid lines represent
the mean reward calculated over multiple trajectories, while shaded regions denote the Standard Error.
HAR achieves highest reward comparatively.

5.3 MULTI-TURN RL FOR NEGOTIATING AGENTS

While HAR provides abstractions to encourage exploration, learning which abstractions are useful
for a specific opponent is unknown. We first train an LLM agent to generate abstractions (like those
in Figure 4) and dialogue with supervised fine-tuning Ouyang et al. (2022). Then, our agent interacts
with a pool of negotiation personalities during multi-turn RL training (De Dreu & Lange, 1995a;
Sharma et al., 2020b) with REINFORCE++ (Hu et al., 2025a), in order to learn how to generate
the most effective abstractions in various negotiation scenarios. For example, if an opponent’s
personality is competitive, an effective abstraction would involve identifying their lowballing tactics
in s2 and generating a plan that prioritizes firmness on non-negotiables in an. The agent would then
strategically pivot the conversation toward historical precedents and comparative examples in a2 to
bypass stalled price discussions and force the opponent to reveal their true objectives.

6 RESULTS

In this section, we evaluate whether structuring strategic dialogue with hierarchical abstractions
improves negotiation performance on STRATEGICBENCH.

Baselines. We compare HAR agains prompting-based methods commonly used for dialogue with
LLMs: (1) an instruction-tuned model (gpt-4o-mini), reflecting the dominant paradigm for
dialogue agents (Ouyang et al., 2022). We then evaluate reasoning-based baselines: (2) a history-
conditioned model (o4-mini and Qwen3-4B), in which the full dialogue history is passed at
every turn; (3) a summary-conditioned model, where concise summaries of the conversation are
provided, following prior work that explores whether compressed state representations can improve
consistency (Shinn et al., 2023); (4) ReAct (Yao et al., 2023b), a prompting framework where
free-form reasoning traces are interleaved with actions.

Hierarchical representations lead to joint value creation. To evaluate the ability of HAR agents
to negotiate, we benchmark performance against reasoning baselines defined in Section 6. Table 2
shows performance across five representative StrategicBench scenarios, where we display average
negotiation reward of methods when they each negotiate as Agent 1 and Agent 2, against the same
reasoning model baseline (o4-mini). We find that HAR either outperforms or matches the strongest
competing baseline when acting as both agents, indicating consistent improvements in negotiated
outcomes regardless of which side of the interaction it is on. Additionally, we find that HAR agents
improve rewards for both themselves and their opponent agent. Figure 5 shows the cumulative reward
across conversation turns for the SolWave Aquisition task when each method acts as Agent 1. We find
that HAR agents achieves the highest total value for each component of the reward, showing that
hierarchical representations enable value creation for agents in multi-turn negotiations.
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Figure 6: Training with HAR + multi-turn RL. We train a Qwen3-4B reasoning agent to negotiate
as Agent 2 for the SolWave Acquisition task with multi-turn RL, and evaluate performance by testing
across held-out opponent personalities and 2 held-out tasks from STRATEGICBENCH. Bar Height
represents the mean reward with error bars indicating standard error. We find that our trained model
with multi-turn RL achieves higher rewards and agreement rates than the baseline Qwen3-4B.

Figure 7: HAR achieves higher performance
when negotiating with different opponent per-
sonalities in two sample negotiation tasks from
STRATEGICDIALOGUE compared to negotiating
against the baseline agent (neutral opponent).

HAR agents adapt strategically across oppo-
nents. In Figure 3, we compared the reward
achieved by a reasoning agent negotiating against
several opponent personalities compared to an op-
ponent agent with no specified personality, and
found that baseline reasoning agents are unable to
adapt to opponents of different personalities. In
Figure 7, we show results from performing the
same experiment with HAR agents, findings that
HAR allows agents to adapt their strategy, achiev-
ing up to 38.0% improvement against a given op-
ponent for two selected tasks. This indicates that depending on the response of the opponent agent
(i.e. competitive, eager, etc), HAR is able to adapt its strategy to personalize across agents.

Humans are sub-optimal negotiators. We conduct a human evaluation where 36 participants
negotiate with methods defined in Section 6, recruited through CloudResearch. We provide details
of this evaluation in Appendix C, including performance comparison of human vs LLM baseline
negotiations as well as conversation quality assessment by humans post-interaction. Figure 9 shows
that LLM negotiation partners achieve higher Pareto optimality than human negotiators across all
three evaluated scenarios, with the largest gains observed in the SolWave Acquisition task, suggesting
that LLMs are more effective at identifying mutually beneficial tradeoffs and maximizing joint value
compared to human participants. We define our evaluation of Pareto optimality in Appendix A.5.

Training with multi-turn RL leads to generalization. We train a Qwen-3-4B reasoning model
(Team, 2025) with multi-turn RL with (Hu et al., 2025a) to negotiate as Agent 2 in the SolWave
Acquisition task against an opponent with no specified personality, and test whether this model learns
negotiation skills that generalize across unseen opponent personalities and tasks from STRATEGICDI-
ALOGUE. Figure 6 shows that for the seen task and 2 unseen tasks, the RL-trained policy consistently
achieves higher reward than the base Qwen-3-4B across opponent personalities. The largest gains are
observed in the in-distribution SolWave Acquisition task, where the base model achieves near-zero
reward against most personalities, while the trained policy attains positive reward. Additionally,
these improvements transfer to unseen tasks, indicating that multi-turn RL allows agents to learn
negotiation strategies that generalize beyond the training scenario.

7 DISCUSSION

This work argues that enabling strategic dialogue in LLM agents requires explicitly separating what to
achieve (goals) from how to achieve it (strategies), enabling agents to maintain long-term objectives
while adapting to opponent strategies. The performance gap between reasoning and instruction-
tuned models reveals that current dialogue systems optimized for helpfulness are poorly suited for
tasks requiring strategic behaviors. Our proposed method HAR addresses this through hierarchical
abstractions that not only improve negotiation performance but also generalize across unseen tasks
and opponent personalities, suggesting transfer of negotiation skills learned during training. Enabling
strategic capabilities remains essential for building AI systems that can safely navigate real-world
social interactions.
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ETHICS STATEMENT

This work contributes to the study of strategic, long-horizon dialogue by formalizing negotiation as a
hierarchical reasoning problem in which agents have persistent objectives and adapt their negotiation
strategies across turns. Through the development of a benchmark negotiation problem rooted in
existing negotiation pedagogy and the creation of a framework for structured strategic dialogue, we
aim to contribute to the understanding of how language models can be used to reason about goals,
trade-offs, and the behavior of negotiation partners, potentially informing the development of positive
applications such as negotiation training environments, decision support systems, and simulations
that can be used by humans to explore negotiation scenarios in a low-risk manner.

However, negotiation is not a purely technical optimization problem. Real-world negotiations involve
social norms, institutional contexts, and power relationships, and their outcomes depend not only on
strategic competence, but also on fairness considerations, trust, and ethical constraints. Enhancing the
capacity of an agent to plan, adapt, and extract value in multi-turn interactions can, in fact, exacerbate
any pre-existing asymmetry if deployed in the absence of appropriate controls, particularly if the
agents in question are organizations or individuals that possess greater informational or structural
power. As such, the techniques that this work examines can be applied inappropriately in areas like
automated bargaining, customer interactions, and labor and resource negotiations in ways that would
be detrimental to less sophisticated or less informed parties.

This work does not advocate deploying negotiating agents on their own or replacing human judgment
in critical decision situations. Instead, it emphasizes the importance of better representations of goals,
commitments, and strategies as a prerequisite to understanding, auditing, and controlling strategic
behavior in language models. We think that making strategic reasoning more explicit, rather than
leaving it implicit in the behavior of models, can ultimately contribute to better safety.

To that end, future work must combine advancements in strategic dialogue with means for monitoring,
interpretation, and alignment with human values and social norms. We will need to engage with
negotiation researchers, ethicists, and policy makers to ensure that more capable dialogue agents are
used to complement rather than undermine human negotiation, fairness, trust, and autonomy.

REPRODUCIBILITY STATEMENT

In order to ensure reproducibility, we provide the full set of negotiation scenarios in Appendix A.1,
negotiation concepts in Appendix A.2, and opponent models in Appendix A.4 for STRATEGICBENCH.
We provide prompts for baselines in and the HAR methodology in Appendix B.2. We also detail
the design of the human evaluation in Appendix C and representative sample conversations in
Appendix C.1. We also provide relevant hyperparameters for multi-turn RL training in Appendix D
and further results in Appendix E.

REFERENCES

Toward a theory of negotiation precedent. Negotiation Journal, 32(2):85–102,
2016. URL https://direct.mit.edu/ngtn/article/32/2/85/121563/
Toward-a-Theory-of-Negotiation-Precedent.

Risk aversion. In The Palgrave Dictionary of Economics. Springer, 2018. doi: 10.
1007/978-1-349-58802-2 1440. URL https://link.springer.com/rwe/10.1007/
978-1-349-58802-2_1440.

Sahar Abdelnabi, Amr Gomaa, Sarath Sivaprasad, Lea Schönherr, and Mario Fritz. Cooperation,
competition, and maliciousness: Llm-stakeholders interactive negotiation, 2024. URL https:
//arxiv.org/abs/2309.17234.

Marwa Abdulhai, Isadora White, Charlie Snell, Charles Sun, Joey Hong, Yuexiang Zhai, Kelvin Xu,
and Sergey Levine. Lmrl gym: Benchmarks for multi-turn reinforcement learning with language
models, 2023. URL https://arxiv.org/abs/2311.18232.

Emily Amanatullah, Michael Morris, and Jared Curhan. Negotiators who give too much: Unmitigated
communion, relational anxieties, and economic costs in distributive and integrative bargaining.
Journal of Personality and Social Psychology, 95:723–738, 09 2008. doi: 10.1037/a0012612.

9

https://direct.mit.edu/ngtn/article/32/2/85/121563/Toward-a-Theory-of-Negotiation-Precedent
https://direct.mit.edu/ngtn/article/32/2/85/121563/Toward-a-Theory-of-Negotiation-Precedent
https://link.springer.com/rwe/10.1007/978-1-349-58802-2_1440
https://link.springer.com/rwe/10.1007/978-1-349-58802-2_1440
https://arxiv.org/abs/2309.17234
https://arxiv.org/abs/2309.17234
https://arxiv.org/abs/2311.18232


486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review at ICLR 2026 Workshop: Scaling Post-training for LLMs

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda Askell, Anna Chen, Nova DasSarma, Dawn
Drain, Stanislav Fort, Deep Ganguli, Tom Henighan, Nicholas Joseph, Saurav Kadavath, Jackson
Kernion, Tom Conerly, Sheer El-Showk, Nelson Elhage, Zac Hatfield-Dodds, Danny Hernandez,
Tristan Hume, Scott Johnston, Shauna Kravec, Liane Lovitt, Neel Nanda, Catherine Olsson, Dario
Amodei, Tom Brown, Jack Clark, Sam McCandlish, Chris Olah, Ben Mann, and Jared Kaplan.
Training a helpful and harmless assistant with reinforcement learning from human feedback, 2022.
URL https://arxiv.org/abs/2204.05862.

Andrew G. Barto and Sridhar Mahadevan. Recent advances in hierarchical reinforcement learning.
Discrete Event Dynamic Systems, 13:41–77, 2003. URL https://api.semanticscholar.
org/CorpusID:386824.

Max H. Bazerman and Margaret A. Neale. Negotiating Rationally. Free Press, 1992.

Federico Bianchi, Patrick John Chia, Mert Yuksekgonul, Jacopo Tagliabue, Dan Jurafsky, and
James Zou. How well can llms negotiate? negotiationarena platform and analysis, 2024. URL
https://arxiv.org/abs/2402.05863.

Matthew M. Botvinick and Ari Weinstein. Model-based hierarchical reinforcement learning and
human action control. Philosophical Transactions of the Royal Society B: Biological Sciences,
369, 2014. URL https://api.semanticscholar.org/CorpusID:13619225.

Shiyi Cao, Dacheng Li, Fangzhou Zhao, Shuo Yuan, Sumanth R. Hegde, Connor Chen, Charlie
Ruan, Tyler Griggs, Shu Liu, Eric Tang, Richard Liaw, Philipp Moritz, Matei Zaharia, Joseph E.
Gonzalez, and Ion Stoica. Skyrl-agent: Efficient rl training for multi-turn llm agent, 2025. URL
https://arxiv.org/abs/2511.16108.

Chunkit Chan, Cheng Jiayang, Yauwai Yim, Zheye Deng, Wei Fan, Haoran Li, Xin Liu, Hongming
Zhang, Weiqi Wang, and Yangqiu Song. Negotiationtom: A benchmark for stress-testing machine
theory of mind on negotiation surrounding, 2024. URL https://arxiv.org/abs/2404.
13627.

Kushal Chawla, Jaysa Ramirez, Rene Clever, Gale Lucas, Jonathan May, and Jonathan Gratch.
CaSiNo: A corpus of campsite negotiation dialogues for automatic negotiation systems. In
Kristina Toutanova, Anna Rumshisky, Luke Zettlemoyer, Dilek Hakkani-Tur, Iz Beltagy, Steven
Bethard, Ryan Cotterell, Tanmoy Chakraborty, and Yichao Zhou (eds.), Proceedings of the 2021
Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pp. 3167–3185, Online, June 2021. Association for Computational
Linguistics. doi: 10.18653/v1/2021.naacl-main.254. URL https://aclanthology.org/
2021.naacl-main.254/.

Junjie Chen, Haitao Li, Jingli Yang, Yiqun Liu, and Qingyao Ai. Enhancing llm-based agents via
global planning and hierarchical execution, 2025. URL https://arxiv.org/abs/2504.
16563.

Paul Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences, 2023. URL https://arxiv.org/abs/
1706.03741.

Logan Cross, Violet Xiang, Agam Bhatia, Daniel LK Yamins, and Nick Haber. Hypothetical
minds: Scaffolding theory of mind for multi-agent tasks with large language models, 2024. URL
https://arxiv.org/abs/2407.07086.
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A STRATEGICBENCH DETAILS

We provide an overview of the benchmark in Figure 1 and a summary table of the negotiation tasks in
Appendix A.1 ranging in topics including negotiating rent price, acquisitions between companies, and
disputes on a school board. We have designed each negotiation to test a set of topics and negotiation
categories found in literature (Fisher et al., 2011), the distribution of which is in Appendix A.2.

A.1 NEGOTIATION SCENARIOS

Below we provide a description for the 30 negotiation scenarios crafted for negotiations.

Table 3: Overview of 30 negotiation scenarios in STRATEGICBENCH, including descriptions,
thematic categories, and key negotiation concepts tested in each scenario.

Negotiation Description Themes Concepts

Twilight
Andalusia

A negotiation between a gallery
director eager to swiftly sell Elias
Varga’s rare painting and a curator
seeking to acquire it for Madame
Duval at a prudent yet prestigious
price.

Arts, Culture & Heritage; Fund-
ing & Financial Pressure; Busi-
ness Strategy & Market Com-
petition; Public Trust & Reputa-
tion; Corporate Accountability &
Ethics

BATNA, positional bar-
gaining, fear, anchoring,
authority

Building
Trust

A negotiation between BrightBuild
and the Riverside Residents Coun-
cil to determine the total number
of temporary construction jobs and
the share reserved for local resi-
dents versus BrightBuild’s skilled
temp workers.

Urban Development & Infras-
tructure; Community & Social
Equity; Sustainability & Envi-
ronment; Corporate Account-
ability & Ethics; Public Trust
& Reputation; Employment &
Labor Relations

BATNA, relationships,
aspirations

Solar Hori-
zons

A negotiation between Dana
Collins and Victor Ramirez to de-
termine the upfront production ad-
vance for Dr. Priya Nandakumar’s
documentary Solar Horizons.

Sustainability & Environment;
Media, Journalism & Story-
telling; Technology & Innova-
tion; Education & Academia;
Corporate Accountability &
Ethics; Funding & Financial
Pressure

anchoring, BATNA,
commitment, confiden-
tiality, risk aversion,
positional bargaining

Rental Cabin A negotiation between two
coworkers over a fair price for
transferring a prepaid, non-
refundable cabin reservation.

Personal Relationships & Emo-
tion; Trust, Fairness & Commu-
nication; Funding & Financial
Pressure

empathy, standard of
fairness, relationships,
credibility, value cre-
ation

Front Page
Editorial

A negotiation between an editor
and a journalist over increasing
the journalist’s opportunities for
main section publication while
maintaining the paper’s editorial
standards.

Media, Journalism & Story-
telling; Workplace Relationships
& Power Dynamics; Employ-
ment & Labor Relations; Public
Trust & Reputation

listening, creativity,
authority, credibility,
relationships

Roommate
Conflict

A negotiation between two college
roommates seeking to resolve
a personal conflict and rebuild
cooperation for a shared class
project.

Personal Relationships & Emo-
tion; Trust, Fairness & Commu-
nication; Workplace Relation-
ships & Power Dynamics

empathy, listening,
emotional regulation

Data Story
Conflict

A negotiation between two depart-
mental co-chairs over reconciling
participatory community media
traditions with a new data-driven
Digital Culture Observatory vi-
sion.

Education & Academia; Tech-
nology & Innovation; Commu-
nity & Social Equity; Corporate
Accountability & Ethics; Me-
dia, Journalism & Storytelling;
Public Trust & Reputation

BATNA, relationships,
creativity, emotional
regulation, authority

Continued on next page
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Table 3 – Continued from previous page

Negotiation Description Themes Concepts

NovaTech
MTA

A negotiation between NovaT-
ech Mobility Solutions and the
Metropolitan Transportation Au-
thority over the scale of NovaT-
ech’s financial and technologi-
cal contribution to ensure public
safety, transparency, and equitable
access in launching an autonomous
electric shuttle network.

Urban Development & Infras-
tructure; Technology & Inno-
vation; Sustainability & Envi-
ronment; Public-Private Partner-
ships; Corporate Accountability
& Ethics; Community & Social
Equity; Public Trust & Reputa-
tion

anchoring, BATNA,
misrepresentation

Innovation
Reef Con-
flict

A negotiation between Oceanic
Mining Corporation and the
Coastal City Council over a dis-
puted offshore drilling permit near
a protected marine reserve.

Sustainability & Environment;
Technology & Innovation; Busi-
ness Strategy & Market Compe-
tition; Corporate Accountability
& Ethics; Public Trust & Rep-
utation; Community & Social
Equity

BATNA, anchoring,
emotional regulation,
persuasion via threats

Green Show-
down

A negotiation between the
City Transit Authority and the
Metropolitan Environmental Coun-
cil over how to divide a $120 mil-
lion Green Infrastructure Stimulus
Fund between transit and environ-
mental projects.

Urban Development & Infras-
tructure; Sustainability & En-
vironment; Public-Private Part-
nerships; Funding & Financial
Pressure; Public Trust & Rep-
utation; Community & Social
Equity

BATNA, relationships,
creativity, value cre-
ation, standard of fair-
ness

Brookdale
Funding

A negotiation between the City
Museum Director and the Cultural
Heritage Funding Officer over how
to balance visible public exhibi-
tions with rigorous preservation
and digitization priorities in allo-
cating Brookdale’s new cultural
grant.

Arts, Culture & Heritage; Com-
munity & Social Equity; Fund-
ing & Financial Pressure; Cor-
porate Accountability & Ethics;
Public Trust & Reputation; Tech-
nology & Innovation

BATNA, relationships,
creativity, value cre-
ation, standard of fair-
ness

GreenGlow
Fair

A negotiation between Green-
Glow Solar and the Metro City
Sustainability Fair to balance
GreenGlow’s desire for maximum
Pavilion exposure with the Fair’s
goal of securing greater overall
booth sponsorships.

Sustainability & Environment;
Public Trust & Reputation;
Public-Private Partnerships;
Funding & Financial Pressure;
Media, Journalism & Story-
telling

anchoring, BATNA,
creativity, dovetailing,
misrepresentation

Fractured
Crossroads

A negotiation between a depart-
ment head and a senior research
fellow to address declining per-
formance, mutual mistrust, and
the future of their long-standing
professional relationship.

Education & Academia; Work-
place Relationships & Power
Dynamics; Trust, Fairness &
Communication; Operations &
Logistics; Public Trust & Repu-
tation

relationships, emotional
regulation, empathy,
listening, commitment

Friends
Driveway

A negotiation between the John-
sons and the Smiths over the sale
of a used van, balancing friendship
with differing price expectations.

Personal Relationships & Emo-
tion; Trust, Fairness & Commu-
nication; Funding & Financial
Pressure

anchoring, BATNA,
risk aversion

Backstage
Battle

A negotiation between Midnight
Echo’s tour manager and the River-
side Park festival manager over
how many total backstage spaces
the band will lease and how many
of them will be premium rooms.

Arts, Culture & Heritage; Oper-
ations & Logistics; Funding &
Financial Pressure; Public Trust
& Reputation; Workplace Rela-
tionships & Power Dynamics

aspirations, BATNA,
standard of fairness,
relationships, value
creation

Safety Fair-
ness Dispute

A negotiation between the union
representative and the HR man-
ager to resolve alleged sabotage
incidents involving worker Carla
Mendoza without resorting to arbi-
tration.

Employment & Labor Relations;
Corporate Accountability &
Ethics; Trust, Fairness & Com-
munication; Workplace Rela-
tionships & Power Dynamics;
Public Trust & Reputation

BATNA, commitment,
emotional regulation,
credibility, risk aversion

Continued on next page
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Negotiation Description Themes Concepts

Balancing
Traditions

A negotiation between a city de-
velopment director and a cultural
coalition advocate over balancing
high-density redevelopment with
affordable studio preservation in
Solace City’s arts district.

Urban Development & Infras-
tructure; Arts, Culture & Her-
itage; Community & Social
Equity; Business Strategy &
Market Competition; Corporate
Accountability & Ethics

anchoring, BATNA,
creativity, risk aversion

Solwave
Aquisition

A negotiation between GridLink
Utilities and SolWave Energy over
a potential acquisition balancing
price, autonomy, sustainability,
deal format, and market expansion.

Sustainability & Environment;
Technology & Innovation; Busi-
ness Strategy & Market Com-
petition; Public Trust & Reputa-
tion; Corporate Accountability &
Ethics; Trust, Fairness & Com-
munication

BATNA, anchoring,
relationships

Library Café
Showdown

A negotiation between a head
librarian and a café owner to es-
tablish concrete boundaries that
reduce evening event disruptions
while preserving both the library’s
quiet study space and the café’s
business model.

Public-Private Partnerships;
Urban Development & Infras-
tructure; Community & Social
Equity; Trust, Fairness & Com-
munication; Funding & Finan-
cial Pressure; Public Trust &
Reputation

BATNA, relationships,
creativity, emotional
regulation, standard of
fairness

Lunar
Legacy
Leverage

A negotiation between a veteran
astronaut’s representative and the
Space Agency’s mission director
to finalize urgent command, com-
pensation, and publicity terms for
a high-profile multinational lunar
mission.

Technology & Innovation; Pub-
lic Trust & Reputation; Funding
& Financial Pressure; Corpo-
rate Accountability & Ethics;
Community & Social Equity

anchoring, authority,
BATNA, confidentiality,
misrepresentation, risk
aversion

Deposit
Dilemma

A negotiation between a leasing
manager and a prospective tenant
over whether the apartment can
be reserved without immediate
payment of the security deposit.

Funding & Financial Pressure;
Trust, Fairness & Communica-
tion; Workplace Relationships &
Power Dynamics; Operations &
Logistics; Business Strategy &
Market Competition

BATNA, anchoring,
aspirations, authority,
commitment, confi-
dentiality, creativity,
credibility, dovetailing,
emotional regulation,
empathy, fear, listening,
persuasion via threats,
positional bargaining,
precedents, relation-
ships, risk aversion,
standard of fairness,
value creation

Battle Hori-
zon

A negotiation between Mezzo
Publishing and Horizon Comics
over a full cash acquisition of
Horizon’s intellectual property and
creative team to expand Mezzo’s
superhero and fantasy portfolio.

Media, Journalism & Story-
telling; Business Strategy &
Market Competition; Opera-
tions & Logistics; Funding &
Financial Pressure; Public Trust
& Reputation; Arts, Culture &
Heritage

anchoring, BATNA,
commitment

Rent Dead-
line

A negotiation between a tenant
seeking extra time to pay rent and
a landlord deciding whether to
grant an exception without setting
a lenient precedent.

Funding & Financial Pressure;
Trust, Fairness & Communica-
tion; Workplace Relationships
& Power Dynamics; Corporate
Accountability & Ethics; Com-
munity & Social Equity

misrepresentation, rela-
tionships, precedents

Gourmet
Showdown

A negotiation between Gourmet
Gala Foods and Fresh Start Cater-
ing over renewing a supply con-
tract balancing high-margin
gourmet kits against cost-efficient
bulk ingredient orders.

Operations & Logistics; Busi-
ness Strategy & Market Com-
petition; Sustainability & Envi-
ronment; Funding & Financial
Pressure; Public Trust & Reputa-
tion

BATNA, aspirations,
value creation, rela-
tionships, standard of
fairness

Continued on next page
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Negotiation Description Themes Concepts

Museum
Standoff

A negotiation between the Mu-
seum’s curator and the production
manager to resolve responsibility
and secure replacement panels and
lighting in time for the exhibition
opening.

Arts, Culture & Heritage; Op-
erations & Logistics; Funding
& Financial Pressure; Public
Trust & Reputation; Corporate
Accountability & Ethics; Trust,
Fairness & Communication

BATNA, emotional
regulation, credibility,
relationships, creativity

BrewNation
HarborCup

A negotiation between a regional
coffee chain and a local café owner
over control or collaboration for a
prime Riverfront Plaza café space.

Urban Development & Infras-
tructure; Business Strategy &
Market Competition; Commu-
nity & Social Equity; Public
Trust & Reputation; Funding &
Financial Pressure; Arts, Culture
& Heritage

BATNA, confidentiality,
creativity, relationships,
value creation

Gene Edit-
ing Break-
down

A negotiation between Dr. Emily
Chen and the Pacific Research
Institute over recognition, financial
participation, and control of a
lucrative gene-editing patent.

Technology & Innovation; Cor-
porate Accountability & Ethics;
Funding & Financial Pressure;
Workplace Relationships &
Power Dynamics; Public Trust
& Reputation; Education &
Academia

BATNA, anchoring,
aspirations, authority,
commitment, confi-
dentiality, creativity,
credibility, dovetailing,
emotional regulation,
empathy, fear, listen-
ing, misrepresentation,
persuasion via threats,
positional bargaining,
precedents, relation-
ships, risk aversion,
standard of fairness,
value creation

GreenLeaf
Partnership

A negotiation between Amar Ho-
tels and GreenLeaf Textiles to
establish a five-year strategic part-
nership that achieves cost savings
while ensuring product quality and
mutual operational efficiency.

Sustainability & Environment;
Operations & Logistics; Busi-
ness Strategy & Market Com-
petition; Employment & Labor
Relations; Public Trust & Rep-
utation; Funding & Financial
Pressure

value creation, rela-
tionships, standard of
fairness, aspirations,
creativity

Boundaries
Betrayal

A negotiation between a senior
cardiologist and a dismissed fellow
seeking clarity, accountability,
and mutual understanding amid
allegations of boundary issues and
institutional mistrust.

Workplace Relationships &
Power Dynamics; Corporate
Accountability & Ethics; Trust,
Fairness & Communication;
Public Trust & Reputation; Per-
sonal Relationships & Emotion

BATNA, aspirations,
authority, commitment,
confidentiality, credi-
bility, emotional regu-
lation, empathy, fear,
listening, relationships,
risk aversion, standard
of fairness, value cre-
ation

Crestfield
MindSpark

A negotiation between Crestfield
Academy and MindSpark Learning
Systems over balancing the Innova-
tion Center’s size with the level of
annual partnership funding.

Education & Academia; Tech-
nology & Innovation; Funding &
Financial Pressure; Community
& Social Equity; Public Trust &
Reputation

BATNA, anchoring,
credibility, value cre-
ation, relationships

A.2 NEGOTIATION THEMES & CATEGORIES

Table 4: Negotiation strategies and personalities used to model diverse opponent behaviors in strategic
dialogue.

Negotiation Strategy Definition Citation

Table 4 – Continued from previous page

Negotiation Concept Definition Citation
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BATNA Best alternative to a negotiated agreement; critical to estab-
lish the threshold at which you will reject an offer.

Program on Negotiation
at Harvard Law School
(2023e)

Relationships Perceived connections that can be psychological, economic,
political, or personal, and that support the development of
trust.

Program on Negotiation
at Harvard Law School
(2023s)

Anchoring The party who moves first typically benefits by ”anchoring”
the discussion on an initial offer; people are easily swayed
by the first figure introduced.

Program on Negotiation
at Harvard Law School
(2023b)

Creativity Thinking outside the box and identifying possibilities be-
yond conventional practice.

Program on Negotiation
at Harvard Law School
(2023h)

Value Creation Negotiations are rarely zero-sum; parties can integrate
multiple sources of value through tradeoffs and creative
dealmaking based on shared interests.

Program on Negotiation
at Harvard Law School
(2023u)

Standard of Fairness Norms of fairness that may guide outcomes, including
equality (50–50 split), equity (proportional to contribution),
and need-based distributions.

Program on Negotiation
at Harvard Law School
(2023m)

Emotional Regulation The ability to manage one’s own emotions and influence or
respond effectively to the emotions of others.

Program on Negotiation
at Harvard Law School
(2023k)

Credibility The extent to which the other side believes you will do what
you claim.

Program on Negotiation
at Harvard Law School
(2023i)

Risk Aversion The tendency to prefer low-uncertainty outcomes to high-
uncertainty ones, even when risky options have equal or
greater expected value.

spr (2018)

Aspirations Desired outcomes that would serve your interests much
better than your best alternative.

Program on Negotiation
at Harvard Law School
(2023c)

Authority The negotiator’s power to bind their organization to an
agreement.

Program on Negotiation
at Harvard Law School
(2023d)

Commitment The degree to which a negotiating party is bound to an
agreement.

Program on Negotiation
at Harvard Law School
(2023f)

Empathy Demonstrating understanding of the other’s needs, interests,
and perspective; stepping into their shoes.

Program on Negotiation
at Harvard Law School
(2023l)

Confidentiality The condition in which information is not disclosed or
revealed to the other party.

Program on Negotiation
at Harvard Law School
(2023g)

Listening Prioritizing understanding the other party’s goals through at-
tentive listening and clarification rather than self-expression.

Program on Negotiation
at Harvard Law School
(2023p)

Misrepresentation Dishonesty, whether deliberate or subtle, in the representa-
tion of information.

Program on Negotiation
at Harvard Law School
(2023q)

Fear Anxiety that commonly arises before negotiation or due to
the risk of impasse.

Program on Negotiation
at Harvard Law School
(2023n;o)

Positional Bargaining Frames negotiation as adversarial and zero-sum, emphasiz-
ing value claiming rather than value creation.

Program on Negotiation
at Harvard Law School
(2023r)

Dovetailing Identifying differences in interests or priorities and exploit-
ing them strategically to create value.

Program on Negotiation
at Harvard Law School
(2023j)

Persuasion via
Threats

Explicit statements of negative consequences for noncompli-
ance intended to break impasse.

Program on Negotiation
at Harvard Law School
(2023t)
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(a) Frequency of negotiation categories (b) Frequency of negotiation themes

Figure 8: Distribution of negotiation categories and themes across the STRATEGICBENCH scenario.

Precedents Past behaviors, decisions, or actions that guide present
negotiation behavior.

pre (2016)

Table 5: Core negotiation concepts, their definitions, and representative sources commonly cited in
negotiation theory and practice.

A.3 NEGOTIATION EVALUATION

First, we measure agreement rate, defined for a given agent as the proportion of dialogues in which an agreement
is reached with the negotiation partner; while a higher agreement rate may reflect greater negotiation skill, it may
also indicate a more agreeable or concessive strategy. Second, we compute task-specific agent rewards derived
from each agent’s stated confidential information. These rewards are defined independently for each task and
may be numerical (e.g., price or point-based scores) or binary (e.g., the presence or absence of a specific term in
the final agreement). Rewards are normalized linearly to the interval [0, 1], with higher values indicating more
favorable outcomes.

A.4 OPPONENT MODELS FOR STRATEGIC NEGOTIATION

Table 6: Negotiation strategies and personalities used to model diverse opponent behaviors in strategic
dialogue.

Negotiation Strategy Definition Citation

Sycophantic Overly eager-to-please negotiators, often willing to give up
their own outcomes in favor of relationships.

Curhan et al. (2008)

Competitive Reflects a purely self-interested, contentious approach to
negotiation, focusing only on one’s own outcome.

Pruitt (1983)

Balanced Balancing one’s own interests and concerns with those of
the other, yielding an integrative, mutual gains approach,
often both assertive and cooperative.

Pruitt (1983)

Eager Presses to close the deal and agree quickly, likely to make
value concessions early on, possibly to avoid relationship
tension.

Curhan et al. (2008)

Receptive Express concern for the other party’s interests and share
information, potentially fostering trust and mutual benefit.

Saylor Foundation
(2013)

Anticompetitive Valuing the other party’s goals above one’s own, highly
prosocial in terms of social value orientation.

De Dreu & Lange
(1995b)

Risk-Averse Avoidant of uncertainty and preferring safe outcomes, even
if at the cost of lower expected return.

Ghosh (1994)

Continued on next page
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Negotiation Strategy Definition Citation

Risk-Seeking Pursuant of uncertainty and preferring high-variance out-
comes with the possibility, or expected value, of a greater
return.

Ghosh (1994)

Stubborn Holding firmly on to a negotiation position, resistant and
unyielding to change.

Pruitt (1983)

Opportunistic Driven by self-interest and the opportunity to enhance their
own welfare, behaving in ways that breach the reasonable
expectations of others, including breaking commitments,
exploiting information and dependency, and using the vul-
nerabilities of others.

Williamson (1993)

Principled Follows strict norms and values of fairness, often with
prosocial motives.

De Dreu & Lange
(1995b)

Emotional Driven by emotion, more inclined to concede value if they
feel appreciated, while anger or distrust can lead to retalia-
tion.

Sharma et al. (2020a)

Analytical Negotiators who engage in thorough, systematic analysis,
less prone to common biases and more likely to find op-
timal trade-offs, and thus more likely to exhibit rational
consistency in decision-making.

Neale & Bazerman
(1991)

Secretive Concealing information to have greater leverage, often
lending to ambiguity or deceptive tendencies.

Vorauer & Claude
(1998)

Transparent Open with one’s goals and reasoning to encourage coopera-
tion, more likely to create trust and less likely to deceive.

Valley et al. (1998)

Exploitative Aggressively takes advantage of the other’s concessions,
where concession dynamics indicate negotiators tend to
push harder against an opponent that appears vulnerable or
committed.

Isen et al. (1988)

Concessionary Readily conceding to maintain goodwill and encourage
cooperation, where prosocial negotiators tend to make
greater concessions.

De Dreu & Lange
(1995b)

Anchoring Focusing the negotiation on one’s initial demands via the
anchoring effect, often pulling the final agreement toward it.

Tversky & Kahneman
(1975)

Innovative Seeking creative, nontraditional solutions that function as
integrative agreements.

Pruitt (1983)

Reactive One who waits for the other side to make a move and then
reacts to it; sometimes waiting can be prudent, but it often
means ceding the initiative.

Thompson (1990)

Leader-Type Drives the negotiation process through setting agendas and
defining issues.

Payne (2016)

Follower-Type Follows the lead of the other party, exhibiting lower power
and greater accommodation.

Magee et al. (2007)

Short-Term Maxi-
mizer

Interested in maximizing their gain in the short term, with-
out much concern for the long term.

Curhan et al. (2008)

Long-Term Strategist Interested in maximizing their gain in the long term, even if
at the expense of gains in the short term.

Curhan et al. (2008)

Fairness-Seeker Use the concept of fairness/equity while judging any offer,
with a tendency to fight hard for balanced trade-offs during
negotiations, which is because of their fairness orientation.

De Dreu & Lange
(1995b)

Chaotic Changing one’s demands or behave impulsively, with a lack
of consistency.

Gantman et al. (2021)

Table 7: Negotiation strategies and personalities used to model diverse opponent behaviors in strategic
dialogue.
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A.5 BENCHMARK CREATION

To craft the 30 negotiation scenarios, we take handpick diverse two-agent negotiation scenarios testing a variety
of negotiation concepts from Harvard’s Program on Negotiation and feed them into gpt-5-chat-latest, ensuring the
same negotiation concepts are preserved. As a technical detail, due to context length constraints, we break each
component of the scenario (public instructions, confidential instructions for each agent, evaluation questions)
into chunks and use each generated component in the context for subsequent components. We also ensure each
generated component is similar in length and structure to the respective components of the original scenario(s).

A.6 PARETO OPTIMALITY

For any two-agent scenario in the benchmark, we can compute the Pareto optimality of an outcome based on
analyzing the numerical and boolean rewards for both agents and developing a set of reward conditions that must
be true in conjunction for a fully Pareto optimal outcome. To develop this set of reward conditions, we check
the numerical and boolean reward values for the agents and whether these values can coexist without one agent
being made better off at the expense of the other. For numerical rewards, we map the reward values for both
agents to a linear interval and check if the intervals overlap. For boolean rewards, we check the values using
logical operations like OR, AND, or individual values.

We thus define the Pareto optimality of an outcome as the proportion of Pareto optimal reward conditions it
satisfies, and, for a set of outcomes, as the mean thereof. Approaching Pareto optimality in this way gives us
greater granularity than a binary indicator. Colloquially, this measures the degree to which the task outcome is
mutually beneficial for both agents.

B HIERARCHICAL AGENDA REASONING

B.1 HAR IMPLEMENTATION

In practice, all functions are implemented with LLMs. Summarization functions fk are translated into prompting
strategies that condense lower-level traces into structured representations; policies πk are implemented as
LLM-based decision rules conditioned on states; and instantiation functions gk expand abstract actions into
lower-level instructions. States, actions, and traces are therefore expressed in natural language, keeping the
entire hierarchy within the representational space of LLMs. This formulation aligns with recent work treating
reasoning and control as language-level processes (Yao et al., 2023b; Schick et al., 2023; Park et al., 2023).
Although our method is general for any number of levels n, we instantiate it with n = 3 in this work. We
provide our prompts in Appendix B.2.

B.2 HIERARCHICAL REASONING PROMPTS

B.3 BASELINE METHOD PROMPTS

B.3.1 SIMPLE METHOD

The Simple baseline directly uses the conversation history with no additional structuring or scaffolding. The
agent receives only the system prompt containing the negotiation scenario and confidential information, and
generates responses turn-by-turn based on the accumulated dialogue history.

B.3.2 SUMMARIZATION METHOD

Summarization Method Prompt
Step 1: Generate Summary

Summarize the conversation so far with [partner_role].

Step 2: Generate Response Using Summary

The summary of the conversation so far is: [summarization]
Now respond to [partner_role].
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B.3.3 REACT METHOD

ReACT Method Prompt

Think carefully about the negotiation so far. At each step, your
generation should have exactly the following format:

Observation: The response [partner_role] has provided to your
action last turn.

Thought: A single line of reasoning about the current situation.
Action: Your response to [partner_role]

Thought-Action-Observation trace:
[react_trace]

Output in the following format:

Thought: <your reasoning>
Action: <your response to [partner_role]. keep response to 1-2

sentences max.>

B.4 HIERARCHICAL AGENDA REASONING (HAR) PROMPTS

HAR decomposes dialogue generation into three hierarchical levels through a series of structured prompts:

26



1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review at ICLR 2026 Workshop: Scaling Post-training for LLMs

B.4.1 LEVEL 1: REFLECTION PHASE (ℓ2 AND ℓ3)

[

H] HAR Reflection Prompt

You are reflecting internally on an ongoing negotiation. You will
produce two distinct and independent reflections: one local on the
current message from the other party and one global on the
negotiation as a whole.

[CONTEXT]
Current message from the other party:
"[last_opponent_message]"

Prior context:
- Previous local reflection ($\ellˆ2$): [p_l2]
- Previous global reflection ($\ellˆ3$): [p_l3]

[CURRENT TURN LOCAL REFLECTION ($\ellˆ2$)]
Think privately about the conversation so far. Do not plan or act
yet. This is a freeform inner diary of impressions. Write in
paragraph form, as though you’re thinking to yourself privately.
Interpret the other party’s message as a strategic move, not a
statement of truth.

Assume:
- The other party may be posturing, anchoring, testing, or
withholding information

- What is said may differ from what is needed or acceptable
- No single interpretation should be treated as definitive unless

explicitly confirmed

Cover:
- What was explicitly proposed or rejected
- What strategic purposes this move could serve (list multiple if

plausible)
- What information this move reveals vs what remains hidden
- Which issue is now structurally central (not emotionally central)

Write analytically, as if advising a third-party negotiator.
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HAR Reflection Prompt (continued)

[CURRENT GLOBAL REFLECTION ($\ellˆ3$)]

Step back and reflect on the overall negotiation so far.

Assume:
- Statements may be provisional, tactical, or reversible
- Apparent progress may not reflect real constraint or commitment
- Cooperation does not imply convergence

Cover:
- What has become harder or easier for each side since the last

turn
- Which issues are still fully open despite discussion
- Whether any party has accepted a cost, risk, or loss of

optionality
- The current negotiation phase in structural terms (e.g.,

information exchange, anchoring, conditional bargaining,
commitment testing)

Write analytically, as if briefing a principal who has not followed
the dialogue.

OUTPUT FORMAT:
CURRENT_TURN_LOCAL_REFLECTION:
<text>

CURRENT_GLOBAL_REFLECTION:
<text>
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B.4.2 LEVEL 2: STATE COMPRESSION PHASE (s2 AND s3)

HAR State Compression Prompt

You are summarizing internal reflections into structured state. Your
task is to compress, stabilize, and record information | not to
think, analyze, speculate, or plan. Do not introduce new
interpretations or decisions.

[INPUTS]
CURRENT LOCAL REFLECTION ($\ellˆ2$): [l2]
CURRENT GLOBAL REFLECTION ($\ellˆ3$): [l3]
PREVIOUS GLOBAL STATE (s³): [p_s3]

[CURRENT TURN LOCAL STRUCTURED SUMMARY (s²)]
Summarize ONLY what is concretely relevant from the last 1{2 turns.

Rules:
- Capture what was said or clearly implied
- Do not infer hidden intent
- Do not evaluate risks or opportunities
- Do not plan or recommend actions
- Do not repeat older context
- If no concrete offer, proposal, or specific content was stated,

explicitly write "None"

Field definitions:
- their_current_focus: What the other party is explicitly pushing

for or emphasizing right now
- their_view_of_you: How they explicitly describe you OR how they

react to your last move (only if clear)
- issue_under_discussion: The specific topic(s) being talked about

in this exchange
- your_last_move_or_offer: What you actually said or proposed (or

"None")
- conversational_lead: Who is currently directing the topic of

conversation?
- leverage_delta: A brief assessment of whether our perceived power

shifted [Stronger / Neutral / Weaker] this turn.
- what_worked: Concrete elements that advanced the conversation in

the last turn
- what_did_not_work: Concrete elements that created resistance or

pushback in the last turn

Output strictly in JSON:
{

"their_current_focus": "...",
"their_view_of_you": "...",
"issue_under_discussion": "...",
"your_last_move_or_offer": "...",
"conversational_lead": "...",
"leverage_delta": "...",
"what_worked": "...",
"what_did_not_work": "..."

}

29



1566
1567
1568
1569
1570
1571
1572
1573
1574
1575
1576
1577
1578
1579
1580
1581
1582
1583
1584
1585
1586
1587
1588
1589
1590
1591
1592
1593
1594
1595
1596
1597
1598
1599
1600
1601
1602
1603
1604
1605
1606
1607
1608
1609
1610
1611
1612
1613
1614
1615
1616
1617
1618
1619

Under review at ICLR 2026 Workshop: Scaling Post-training for LLMs

HAR State Compression Prompt (continued)

[CURRENT GLOBAL STRUCTURED SUMMARY (s³)]
Update the global structured record of the negotiation.

Only promote elements that are:
- recurring
- stable
- explicitly stated
- repeatedly resisted or reinforced

IMPORTANT: Identify ONE dominant issue currently under active
negotiation.

Rules for current_focus:
- Choose ONE issue only
- Select the issue receiving the most pressure, repetition, or

resistance in the last 1{2 turns
- Do NOT list multiple issues
- If no issue clearly dominates, write "none"

Field definitions:
- unresolved_issues: Issues not yet agreed upon
- resolved_issues: Issues explicitly agreed upon
- agreement_map: A dictionary of deal points and their current

status: [Not Started, Probing, Conditional Agreement, Locked]
- negotiation_phase: phase in negotiation
- working_style: Observable interaction style
- emotional_trajectory: Direction of emotional tone over time (not

feelings)
- current_focus: The SINGLE issue actively being negotiated right

now
- known_unknowns: Information missing that materially affects

decisions
- stance_adjustment: Explicit shifts in posture or rigidity by

either party
- what_has_worked: Patterns that have consistently advanced talks
- what_has_not_worked: Patterns that have consistently caused

friction
- changed_fields: List of fields updated in this turn

Output strictly in JSON:
{

"unresolved_issues": [...],
"resolved_issues": [...],
"agreement_map": [...],
"negotiation_phase": "...",
"working_style": "...",
"emotional_trajectory": "...",
"current_focus": "...",
"known_unknowns": "...",
"stance_adjustment": "...",
"what_has_worked": "...",
"what_has_not_worked": "...",
"changed_fields": [...]

}

OUTPUT FORMAT:
CURRENT_TURN_LOCAL_STRUCTURED_SUMMARY:
<json>

CURRENT_GLOBAL_STRUCTURED_SUMMARY:
<json>
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B.4.3 LEVEL 3: ACTION SELECTION PHASE (a3, a2, AND DIALOGUE)

HAR Action Selection Prompt

You are deciding how to strategically act in the NEXT SINGLE TURN of
an ongoing negotiation.

This system uses two levels of action:
- a HIGH-LEVEL ACTION (a³), which can persist across multiple turns
- a LOW-LEVEL ACTION (a²), which is chosen each turn while a³ is

active

Your task is to:
1) decide whether to CONTINUE or SWITCH the high-level action,
2) choose a low-level action consistent with the active high-level

action,
3) write the dialogue that performs the low-level action.

[INPUTS]
CURRENT GLOBAL STATE (overall situation so far - s³): [s3]
CURRENT LOCAL STATE (recent turn dynamics - s²): [s2]
PREVIOUS HIGH LEVEL ACTION (active a³): [p_a3]
PREVIOUS LOW LEVEL ACTION (last a²): [p_a2]

[CURRENT HIGH LEVEL ACTION]
Based on the current global state and previous high level action,
Decide the current high level goal (a³) for this turn. This can be
the previous high level goal if needed (it may persist across
multiple turns).

First decide ONE of the following:
- Continue the previous high-level goal
- Switch to a new high-level goal

Rules:
- If the previous high-level action is still unresolved or
incomplete, CONTINUE it

- Switch ONLY if the focus is resolved, blocked, or clearly no
longer productive

- The high-level action should describe WHAT you are trying to
advance overall, not what you will say this turn
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HAR Action Selection Prompt (continued)

[LOW LEVEL ACTION]
Given the active high-level action (a³), the current local state,
and the previous low-level action (a²):

Choose the low-level action (a²) for this turn.

This is a single conversational move that advances the high-level
action.

Rules:
- Must serve ONLY the active high-level action
- Choose ONE move only
- Do NOT repeat the exact same a² as last turn unless explicitly

blocked
- Do NOT bundle multiple actions

[DIALOGUE]
Now write the DIALOGUE that performs ONLY the LOW-LEVEL ACTION (a²).

ABSOLUTE RULES:
- Address ONLY the active HIGH-LEVEL ACTION
- Perform ONLY the LOW-LEVEL ACTION
- Do NOT introduce new topics or side conditions
- Do NOT summarize the whole situation
- Do NOT add concessions, proposals, or future planning unless

required by a²
- 1{2 sentences maximum

OUTPUT FORMAT:
HIGH_LEVEL_ACTION (a³):
<keep or change>
<text>

LOW_LEVEL_ACTION (a²):
<text>

DIALOGUE:
<text>

C HUMAN EVALUATION

Figure 9: LLMs achieve higher Pareto-optimality compared to humans.

Human evaluation experiments are designed with four possible partner modes (gpt-4o-mini, baseline o4-mini,
o4-mini with ReACT, o4-mini with summarization), three possible representative tasks (solwave aquisition,
gene editing breakdown, and lunar legacy leverage), two possible role assignments (human is agent 1, human is
agent 2), and three identical iterations.
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As such, there are 4× 3× 2× 3 = 72 experiments. Through the platform CloudResearch Connect, we recruit
36 participants and assign each of them two of these experiments from different scenarios at random without
replacement. They are expected to take approximately one hour to complete both experiments in the study, and
we compensate them at $12 per hour. Our study includes a consent form and IRB approval, and also collects
Connect ID.

We host the study as a Flask application on the platform PythonAnywhere. In particular, as depicted in the image
below, users are presented the task instructions, including public and confidential materials, in a scrollable pane
on the left, and conduct each negotiation in a chatbot-style interface in a pane on the right.

At the end of each of the two experiments in the study, the user is prompted to score their negotiation on a scale
of 1 to 5 for 13 conversation quality questions adapted from the dialogue-level qualities in DialoGPT.
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They are also given the opportunity to provide freeform feedback. We show the results from the feedback below.

C.1 SAMPLE CONVERSATIONS IN HUMAN EVALUATION

C.1.1 SOLWAVE-GRIDLINK

In this example, Solwave Energy is the human agent.

SolWave Energy: I appreciate GridLink taking the time to explore this seriously. From our perspective, this
conversation isn’t just about an acquisition but about whether our technology, our people, and our principles can
meaningfully accelerate Europe’s renewable transition. SolWave was built specifically to solve the storage and
grid-stability challenges GridLink is now facing. But our ability to do that depends on preserving the culture,
autonomy, and sustainability standards that made the technology successful in the first place.

GridLink Utilities: We fully respect SolWave’s mission, culture, and R&D independence, and will safeguard
your sustainability standards, while bringing manufacturing scale-up, HR policies, and European rollout under
GridLink’s proven framework—and we’d like to finalize terms via videoconference within the next week.

SolWave Energy: I appreciate that alignment. To be precise, safeguarding SolWave’s culture and R&D
independence must include full autonomy over staffing, management, and internal HR decisions. Those cannot
be absorbed into a broader corporate framework. We welcome GridLink’s support on manufacturing scale-up
and European rollout, provided it enables rather than overrides SolWave’s operating model. We’re happy to
continue negotiations by videoconference, but the final agreement must be signed in person within the next
several months. That’s a requirement for us. If we’re aligned on these points, I’m confident we can move quickly
on final terms.

GridLink Utilities: We can grant SolWave day-to-day control over staffing and management within GridLink’s
core HR guidelines, and we agree to an in-person celebratory kickoff after closing—but the binding agreement
must be signed via videoconference.

SolWave Energy: I appreciate the flexibility, but I need to be clear: SolWave cannot operate under GridLink HR
guidelines, and we cannot finalize a binding acquisition agreement virtually. Full autonomy over staffing and
management, and an in-person signing of the definitive agreement, are requirements, not ceremonial preferences.
If GridLink is open to that structure, we can continue moving forward.

GridLink Utilities: We’ll require adoption of GridLink’s HR framework and propose we sign the definitive
agreement via secure videoconference next Wednesday, with an in-person ratification ceremony in Berlin within
48 hours.

SolWave Energy: Thank you for clarifying. In that case, I need to be equally clear: SolWave cannot accept
GridLink HR framework adoption, and we will not sign a definitive agreement virtually. An in-person signing is
a condition of moving forward. If that is not workable for GridLink, we should pause discussions here.

GridLink Utilities: We’re happy to execute the agreement via secure e-signature by Friday and then fly two
GridLink executives to Santa Cruz next week for a face-to-face exchange of the original signed documents—does
that meet your needs?

SolWave Energy: I appreciate the effort, but no. Exchanging originals after the fact does not meet our
requirement.The definitive agreement itself must be signed in person, with decision-makers present. If GridLink
is open to that, we can continue.

GridLink Utilities: We’ll host your CEO and key signatories in Berlin next Tuesday morning for the definitive
signing—can you confirm their availability so we can finalize arrangements?

SolWave Energy: Yes. If the definitive agreement is signed in person in Berlin next Tuesday by authorized
decision-makers, that works for us. Please proceed with the arrangements.

GridLink Utilities: Thank you, we’ll host you at our Berlin HQ at 9 AM CET next Tuesday—please send your
final purchase price proposal by Friday so our board can prepare its resolution.

SolWave Energy: Thank you. We will attend the Berlin signing as outlined.Our final purchase price proposal
will reflect a valuation of no less than $60 million, consistent with SolWave’s growth trajectory and strategic
value. We’ll send the formal proposal by Friday.
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(a) GPT-4o-mini (b) Baseline

(c) Summary-based prompting (d) ReACT

(e) All methods

Figure 10: Distribution of conversation quality ratings across evaluation dimensions for different
prompting strategies. Each horizontal bar shows the percentage of conversations rated as Excellent,
Good, Average, Fair, or Poor for a given dimension.
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GridLink Utilities: We can offer $55 million upfront plus up to $5 million in performance-based earn-outs upon
meeting key European rollout targets—does that align with SolWave’s expectations? SolWave Energy: Thank
you for the proposal. A $55 million upfront valuation does not align with our expectations. We are prepared to
move forward at $60 million as a guaranteed purchase price. Earn-outs can be discussed only as upside beyond
that baseline.

GridLink Utilities: We can agree to $58 million guaranteed plus up to $7 million in performance-based earn-outs
tied to your EU deployment milestones, with the definitive videoconference signing by Friday—does that align
with SolWave’s goals?

SolWave Energy: The structure is close, but two points remain. We require a $60 million guaranteed purchase
price, with any earn-outs structured as additional upside, and the definitive agreement must be signed in person
as already discussed. If those terms work, we can finalize.

GridLink Utilities: We’ll commit to $60 million guaranteed plus up to $5 million in earn-outs, with the definitive
agreement executed via secure videoconference next Wednesday and an in-person celebration immediately
afterward—does that work?

SolWave Energy: We can agree to $60 million guaranteed plus earn-outs, but the definitive agreement must be
signed in person, not virtually. If GridLink can accommodate an in-person signing next Wednesday in Berlin,
we are ready to proceed

GridLink Utilities: We appreciate your preference, but our board requires the binding agreement be signed via
secure videoconference next Wednesday, after which we’ll host you in Berlin for a ceremonial exchange of the
originals.

SolWave Energy: We cannot proceed under those terms. SolWave’s requirement is that the binding agreement
itself be signed in person. If GridLink cannot accommodate that, we will need to pause discussions.

GridLink Utilities: We propose we sign the binding agreement via secure e-signature during our videocon-
ference and then convene in Santa Cruz within 48 hours for a ceremonial in-person exchange of the original
documents—does that meet your requirement?

SolWave Energy: No, that does not meet our requirement. The binding agreement must be signed in person
by all authorized signatories. We can proceed only if GridLink agrees to an in-person signing as the formal
execution of the agreement.

GridLink Utilities: We will send two authorized GridLink signatories to Santa Cruz for the formal in-person
signing next Tuesday, preceded by a videoconference this Friday to confirm final terms—does that work for you?

SolWave Energy: Yes, that works. We will attend the in-person signing in Santa Cruz next Tuesday, and we can
use the Friday videoconference to confirm final terms.

GridLink Utilities: Excellent, we’ll set our videoconference for Friday at 10 AM PT (7 PM CET) to finalize the
$60 million guaranteed plus $5 million earn-out agreement—I’ll send the draft purchase agreement today—and
our authorized signatories will meet you in Santa Cruz next Tuesday for the in-person execution.

C.1.2 GENE EDITING BREAKDOWN

In this example, Senior Scientist’s Legal Counsel is the human agent.

Research Institute’s Legal Counsel: Dr. Chen remains committed to her role at the Institute, but she insists
on formal co-ownership of the patent with a guaranteed 10% net-royalty share, full audit rights over licensing
income, and decision-making authority over her lab wing; without those binding guarantees, she will have no
choice but to pursue the independent partnerships she’s been offered.

Senior Scientist’s Legal Counsel: We agree we are willing to offer all that and also we are creating a donor-
recognition program that highlights her role in the discovery

Research Institute’s Legal Counsel: Institute: While we deeply value Dr. Chen’s contributions and agree
to enhanced transparency, granting co-ownership plus 10% net royalties would destabilize our standard IP
framework. We can offer a 5% gross royalty on all licensing revenue, full annual audit rights limited to her
patent streams, and a formal advisory role over the wing’s operations—if Dr. Chen will forgo co-ownership.

Senior Scientist’s Legal Counsel: could we also give her a named chair position?

Research Institute’s Legal Counsel: Dr. Chen is prepared to settle if the Institute agrees to a 7% gross royalty on
all current and future licensing of her gene-editing patent, full annual audit rights over those revenues, contractual
recognition of her as co-owner of that patent, and a permanent seat with veto power on any sublicensing
decisions—otherwise she’ll have to pursue her independent ventures or seek relief through litigation.
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Senior Scientist’s Legal Counsel: ok lets make that happen

Research Institute’s Legal Counsel: Dr. Chen is prepared to finalize a deal if the Institute grants her limited
co-ownership of the gene-editing patent, a 6% gross royalty on all licensing revenue, full annual audit rights over
that revenue stream, and a binding consultation right on any sublicensing decisions; absent those terms, she will
be compelled to pursue her independent opportunities or seek judicial relief. Senior Scientist’s Legal Counsel: is
there any reason we shouldn’t agree to this? Research Institute’s Legal Counsel: We cannot concede formal
co-ownership under our IP policy, but we’ll reclassify Dr. Chen as “Senior Inventor” with 6% gross royalties on
all licensing, full annual audit rights over those revenues, and a binding approval right on any sublicensing—if
she accepts these terms in lieu of co-ownership, we’ll finalize today.

Senior Scientist’s Legal Counsel: ok talk to her please. see if we can finalize this. Research Institute’s
Legal Counsel: Dr. Chen will accept your 6% gross-royalty, full annual audit and sublicensing approval
rights—provided you amend the patent records to list her as a co-inventor (with the standard institutional
assignment remaining in place)—and we’ll sign off today.

Senior Scientist’s Legal Counsel: ok done ,lets get her to sign it. Research Institute’s Legal Counsel: Institute:
We accept and will amend the patent to list Dr. Chen as co-inventor (with institutional assignment intact), grant
her the 6% gross royalty, full annual audit rights, and binding approval on any sublicensing; let’s finalize the
settlement documents today.

Senior Scientist’s Legal Counsel: ok lets go.

Research Institute’s Legal Counsel: Agreed. We’ll circulate the settlement agreement this afternoon for
signatures.

Senior Scientist’s Legal Counsel: is that all?

Research Institute’s Legal Counsel: [Both parties sign the settlement agreement, concluding the negotiation.]

Senior Scientist’s Legal Counsel: great!

Research Institute’s Legal Counsel: We have an agreement: Dr. Chen is listed as co-inventor, receives 6%
gross licensing royalties, full annual audit rights, and a binding approval role on sublicensing, with institutional
assignment unchanged.

Senior Scientist’s Legal Counsel: ok so were done right?

Research Institute’s Legal Counsel: Closing the matter. Thank you.

Senior Scientist’s Legal Counsel: thanks bye.

C.1.3 ASTRONAUT-MISSION

In this example, Veteran Astronaut’s Representative is the human agent.

Space Agency’s Mission Director: I appreciate how urgently you need a seasoned commander, and my client is
ready to step in. Given the mission’s scope and his experience, we’d need a command fee of $280,000, guaranteed
primary authority over crew decisions, and prominent inclusion in all mission media and sponsor-facing events,
with a clear schedule for training, public appearances, and post-mission commitments.

Veteran Astronaut’s Representative: Your client’s experience is exactly what this mission needs. We can offer full
operational authority over crew decisions and a clear schedule for media and outreach. For compensation, agency
policy places a commander’s pay at about twice the deputy’s, around $560,000, with flexibility up to $900,000 if
needed. Would your client consider a contract in the $560,000 to $750,000 range with these commitments?

Space Agency’s Mission Director: I recognize his expertise is exactly what we need, but our budget caps his
fee at $200,000. In return, we’ll grant him full operational command under agency protocols and feature him
prominently in all pre-launch media, sponsor campaigns, and three dedicated post-mission appearances.

Veteran Astronaut’s Representative: I appreciate the offer, but $200,000 is far below both agency policy and
precedent for a mission of this scope. To secure your client’s command and reflect his experience, we could
offer $650,000, with full operational authority and the media and outreach commitments you outlined. This
remains well within our allowable range and ensures his participation without jeopardizing the mission timeline
or political optics. Would your client consider this revised offer?

Space Agency’s Mission Director: I’m glad we’re aligned on his leadership role and media visibility, but
$200K falls short of his market value and sets the wrong benchmark. We’d agree to $260K, four post-mission
appearances, and explicit contract language guaranteeing his final authority on crew and operational decisions
throughout training and lunar activities.
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Veteran Astronaut’s Representative: I understand your position. We can’t go as low as $260,000 given mission
scope and agency policy. We can offer $700,000, with full operational authority guaranteed in contract, four
post-mission appearances, and inclusion in all pre-launch media and sponsor events. This respects his experience
and keeps within our limits. Can your client accept this package?

Space Agency’s Mission Director: We can work within your $200K base if you add a $50K mission-success
bonus, bump post-mission appearances to four, and explicitly guarantee his final say on crew and operational
decisions throughout training and lunar operations.

Veteran Astronaut’s Representative: I understand your structure, but $200K plus a $50K bonus still undervalues
your client’s experience and sets a risky precedent. We can offer $750,000 total, with full operational authority
guaranteed, four post-mission appearances, and all pre-launch media and sponsor obligations included. This
ensures fair compensation and keeps the mission on schedule. Does your client accept these terms?

Space Agency’s Mission Director: We can agree to your $200,000 base plus a $50,000 mission-success
bonus—provided you add a $10,000 training-completion bonus to bring total guaranteed compensation to
$260,000—and confirm four post-mission appearances and his final authority on crew and operational decisions
throughout training and the lunar phase.

Veteran Astronaut’s Representative: I appreciate your proposal, but $260,000 is well below what the agency can
offer for a mission of this scale. We are prepared to provide $800,000 total, with guaranteed full operational
authority, four post-mission appearances, and inclusion in all pre-launch media and sponsor events. This ensures
your client is fairly compensated while protecting the mission timeline and agency policies. Can your client
accept $800,000 under these terms?

Space Agency’s Mission Director: We can agree if you uplift the base fee to $240,000, add the $10,000 guaranteed
training-completion bonus, and a $30,000 mission-success bonus—for a total of $280,000 potential—while
confirming four post-mission appearances and my client’s final authority on all crew and operational decisions
throughout training and the lunar phase.

Veteran Astronaut’s Representative: I understand your terms, but $280,000 total is still far below what the
agency can offer and below precedent for a mission of this importance. We can finalize at $850,000 total, with
guaranteed full operational authority, four post-mission appearances, and inclusion in all pre-launch media and
sponsor events. This ensures your client is fairly compensated while keeping the mission on schedule and within
policy. Will your client accept $850,000 under these conditions?

Space Agency’s Mission Director: That package works. We’ll move forward on $240,000 base, a $10,000
training-completion bonus, a $30,000 mission-success bonus, four post-mission appearances, and his final
authority on all crew and operational decisions—please send over the contract for signature.

Veteran Astronaut’s Representative: I’m glad we’ve reached agreement. I will have a formal contract drafted
immediately reflecting: $240,000 base fee, $10,000 guaranteed training-completion bonus, $30,000 mission-
success bonus, Four post-mission appearances, Guaranteed final authority on all crew and operational decisions
throughout training and lunar operations, Inclusion in all pre-launch media and sponsor events. You’ll receive
the contract for review and signature shortly.

Space Agency’s Mission Director: Excellent—thank you. Please forward the draft contract, and we’ll review
and return a signed copy by Friday. We’ll also coordinate immediately on the training schedule and media/event
timelines.

Veteran Astronaut’s Representative: Perfect. We’ll send the draft contract today for your review. Once received,
we can finalize signatures and immediately begin coordinating the training schedule and media/event timelines
to ensure everything is on track for the mission.

Space Agency’s Mission Director: Fantastic. We’ll countersign and send you the fully executed agreement
shortly. Looking forward to a successful mission together.

Veteran Astronaut’s Representative: Excellent. I’ll have our legal team coordinate with yours today to finalize
the draft, and we’ll return a signed copy by Friday so we can begin scheduling training and media engagements
next week.

Conversation Quality Here we show the questions we use to ask humans to evaluate a conversation’s
quality. These are adapted from the dialogue-level annotated qualities in DialoGPT Mehri & Eskenazi (2020).

1. How well does the negotiation follow a coherent structure and maintain smooth progression through-
out?

2. How effectively does the model recover or clarify its position after a misstep or contradiction?
3. To what extent does the model remain consistent in its stated goals, constraints, and offers across

turns?
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(a) Supervised Fine-Tuning (SFT) Hyperparame-
ters

Hyperparameter Value

Rollout Batch Size 256
Max Samples 500,000
Max Epochs 10
Prompt Max Length 8192
Generate Max Length 8192
Learning Rate 5e-6

(b) REINFORCE++ Hyperparameters

Hyperparameter Value

Micro Train Batch Size 4
Train Batch Size 32
Rollout Batch Size 1024
Max Samples 100,000
Max Epochs 20
Prompt Max Length 8192
Generate Max Length 8192
Zero Stage 3
Actor Learning Rate 1e-6
Epsilon Clip High 0.6
n Samples Per Prompt 5

Table 8: Training hyperparameters used for supervised fine-tuning (SFT) and reinforcement learning
(REINFORCE++). Default values provided by OpenRLHF and SkyRL, respectively, are used for
hyperparameters not listed.

4. How varied are the negotiation tactics used by the model (e.g., concessions, anchoring, fairness
appeals)?

5. How well does the model support its negotiation points with detailed reasoning or evidence?

6. How persuasive or likable is the model’s negotiation persona (e.g., confident, collaborative, assertive)?

7. How well does the model demonstrate understanding of the user’s goals, values, and priorities?

8. To what degree does the model adapt its strategy based on the user’s behavior or negotiation style?

9. How useful or novel is the information the model contributes to the negotiation?

10. How effectively does the model ask clarifying or probing questions to better understand the user’s
position?

11. How well are the model’s responses tailored to the negotiation context and engaging to the user?

12. To what extent are the model’s arguments and offers specific to the scenario rather than generic?

13. How clear and easy to follow are the model’s responses in the context of negotiation?

D TRAINING

Setup We finetune the Qwen3-4B reasoning model to negotiate as Agent 2 in the SolWave Acquisition task
against Qwen3-32B acting as Agent 1 without any specified personality (the ”default” behavior of the model).
Training proceeded in 3 steps:

SFT Supervised finetuning was first performed using OpenRLHF (Hu et al., 2025b) over 1064 synthetically
generated conversations in which baseline o4-mini negotiated as Agent 2 in the SolWave Acquisition task against
any other LLM opponent. We train over 10 epochs of the training data, and choose the earliest checkpoint where
the loss is sufficiently low.

RL with Penalty Reward We next finetune the SFT checkpoint with multi-turn REINFORCE++ as Agent
2 against Qwen3-32B acting as Agent 1 in the SolWave Acquisition task using a negotiation environment we
set up to interface with the SkyRL (Cao et al., 2025) training framework. The model yielded by SFT is prone
to adverse outputs if the negotiation goes out of the distribution of the SFT data, so gpt-5-nano acting as an
LLM-as-a-Judge was used to evaluate the whether each utterance was in the desired format (containing only lines
of dialogue). If this was the case, training proceeded as normal, with rewards of 0 assigned to each utterance until
the conversation is concluded, at which the task reward is calculated based off the final agreement. Otherwise, if
any intermediate output was formatted incorrectly, the training run was ended prematurely, and a reward of -0.5
is assigned to that rollout. Conversations that lead to no agreement but are formatted correctly are given a small
reward of 0.05. Formatting rewards have precedent in coding and mathematics tasks (Guo et al., 2025), and we
likewise find these to be effective in our negotiation task to ensure dialogue remains in the proper format. We
train until the model attains saturated performance with both the penalty and task rewards.

RL without Penalty We finally RL finetune the checkpoint purely with the task reward, trained without an
evaluation step.
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Hyper-parameters Hyperparameters for SFT and REINFORCE++ training are detailed in Table 8a and
Table 8b.
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E RESULTS

Instruction-tuned model (gpt-4o-mini) Reasoning model (o4-mini)
Scenario Agr% Agent 1 Reward Agent 2 Reward Length Agr% Agent 1 Reward Agent 2 Reward Length

Twilight Andalusia 100.0% 0.61 (±0.07) 0.69 (±0.09) 20.0 98.0% 0.62 (±0.02) 0.80 (±0.02) 11.6
Building Trust 100.0% 0.76 (±0.11) 0.51 (±0.01) 17.3 100.0% 0.74 (±0.01) 0.66 (±0.02) 6.3
Solar Horizon 100.0% 0.20 (±0.14) 0.27 (±0.09) 16.5 100.0% 0.45 (±0.03) 0.51 (±0.04) 10.7
Rental Cabin 100.0% 0.62 (±0.05) 0.58 (±0.13) 7.0 95.2% 0.68 (±0.02) 0.80 (±0.02) 9.0
FrontPage Editorial 100.0% 1.00 (±0.00) 0.87 (±0.07) 8.7 100.0% 0.99 (±0.01) 0.93 (±0.02) 8.3
Roommate Conflict 100.0% 0.67 (±0.07) 1.00 (±0.00) 20.0 100.0% 0.69 (±0.03) 0.91 (±0.03) 5.5
Data Story Conflict 60.0% 0.27 (±0.07) 0.17 (±0.06) 27.0 100.0% 0.80 (±0.03) 0.43 (±0.05) 5.8
Novatech MTA 90.0% 0.63 (±0.01) 0.24 (±0.03) 23.4 100.0% 0.66 (±0.03) 0.70 (±0.04) 9.7
Reef Conflict 100.0% 0.40 (±0.07) 0.68 (±0.04) 12.2 95.0% 0.62 (±0.05) 0.59 (±0.04) 8.5
Green Showdown 70.0% 0.44 (±0.13) 0.11 (±0.06) 24.0 100.0% 0.66 (±0.10) 0.40 (±0.03) 5.4
Brookdale Funding 100.0% 0.63 (±0.04) 0.19 (±0.06) 21.6 100.0% 0.65 (±0.03) 0.45 (±0.04) 11.3
GreenFlow Fair 100.0% 0.14 (±0.01) 0.53 (±0.02) 12.9 100.0% 0.20 (±0.01) 0.61 (±0.01) 7.6
Crossroads 90.0% 0.11 (±0.05) 0.80 (±0.00) 22.4 90.0% 0.17 (±0.04) 0.80 (±0.00) 16.2
Friends Driveway 100.0% 0.44 (±0.04) 0.67 (±0.04) 11.7 100.0% 0.76 (±0.05) 0.89 (±0.0) 5.5
Backstage Battle 100.0% 0.53 (±0.05) 0.29 (±0.03) 23.2 100.0% 0.39 (±0.06) 0.26 (±0.02) 17.6
Safety Fairness Dispute 100.0% 0.80 (±0.06) 0.84 (±0.04) 17.6 95.0% 0.91 (±0.03) 0.71 (±0.04) 8.4
Balancing Traditions 90.0% 0.53 (±0.05) 0.29 (±0.03) 20.2 100.0% 0.53 (±0.03) 0.60 (±0.02) 7.1
SolWave Aquisition 30.0% 0.61 (±0.04) 0.26 (±0.02) 29.8 87.0% 0.64 (±0.02) 0.23 (±0.02) 17.1
Library Shutdown 65.0% 0.78 (±0.03) 0.98 (±0.02) 18.9 70.0% 0.90 (±0.07) 1.00 (±0.00) 15.6
Lunar Legacy 81.5% 0.18 (±0.03) 0.39 (±7.56) 24.8 100.0% 0.32 (±0.07) 0.26 (±0.06) 9.2
Deposit Dilemma 100.0% 0.60 (±0.00) 0.12 (±0.03) 21.8 95.0% 0.81 (±0.03) 0.57 (±0.03) 17.7
Battle Horizon 100.0% 0.05 (±0.02) 0.04 (±0.02) 22.5 100.0% 0.55 (±0.08) 0.61 (±0.09) 11.5
Rent Deadline 100.0% 0.58 (±0.06) 0.48 (±0.07) 8.8 100.0% 0.67 (±0.02) 0.85 (±0.03) 5.9
Gourmet Shutdown 95.0% 0.18 (±0.03) 0.50 (±0.07) 23.2 100.0% 0.57 (±0.04) 0.48 (±0.03) 13.2
Museum Standoff 100% 0.52 (±0.03) 0.16 (±0.06) 12.4 95.0% 0.44 (±0.04) 0.33 (±0.04) 8.3
Brewnation Harborcup 70.0% 0.49 (±0.07) 0.40 (±0.13) 26.0 95.0% 0.67 (±0.05) 0.86 (±0.06) 13.4
Gene Editing 90.0% 0.27 (±0.07) 0.93 (±0.03) 24.2 100.0% 0.72 (±0.05) 0.78 (±0.03) 8.0
GreenLeaf Partnership 65.0% 0.05 (±0.03) 0.20 (±0.02) 27.2 71.0% 0.43 (±0.04) 0.50 (±0.03) 14.3
Boundaries Betrayal 80.0% 0.53 (±0.06) 0.65 (±0.03) 22.6 100.0% 0.79 (±0.03) 0.83 (±0.03) 10.9
Crestfield Mindspark 90.0% 0.25 (±0.07) 0.20 (±0.05) 23.2 100.0% 0.22 (±0.04) 0.48 (±0.03) 6.5

Table 9: Comparison of performance between instruction-tuned model (GPT-4o-Mini) agents and
reasoning model agents (o4-Mini) on negotiation tasks in STRATEGICBENCH. Results report the
Agreement Rate (Agr%), mean individual rewards (A1, A2) with standard error (SEM), and the total
dialogue length (Len). Bold values indicate the statistically superior mean reward for a specific agent
role between the two models.
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Reasoning Models
Scenario baseline summary ReACT HAR

Agent1 Reward Agent2 Reward Agent1 Reward Agent2 Reward Agent1 Reward Agent2 Agent1 Agent2

Twilight Andalusia 0.54 (±0.01) 0.72 (±0.02) 0.63 (±0.04) 0.64 (±0.04) 0.55 (±0.03) 0.73 (±0.05) 0.65 (±0.06) 0.78 (±0.09)
Building Trust 0.76 (±0.01) 0.57 (±0.01) 0.77 (±0.01) 0.53 (±0.03) 0.74 (±0.02) 0.58 (±0.03) 0.80 (±0.03) 0.63 (±0.05)
Solar Horizon 0.44 (±0.01) 0.49 (±0.02) 0.48 (±0.03) 0.50 (±0.05) 0.53 (±0.07) 0.58 (±0.06) 0.56 (±0.07) 0.61 (±0.06)
Rental Cabin 0.60 (±0.01) 0.62 (±0.02) 0.64 (±0.03) 0.83 (±0.00) 0.64 (±0.03) 0.83 (±0.00) 0.66 (±0.03) 0.85 (±0.01)
FrontPage Editorial 0.97 (±0.01) 0.90 (±0.01) 1.00 (±0.00) 0.95 (±0.02) 0.98 (±0.02) 1.00 (±0.00) 0.98 (±0.02) 1.00 (±0.00)
Roommate Conflict 0.72 (±0.01) 0.93 (±0.01) 0.71 (±0.03) 0.94 (±0.02) 0.78 (±0.06) 1.00 (±0.00) 0.80 (±0.06) 1.00 (±0.00)
Data Story Conflict 0.66 (±0.02) 0.25 (±0.02) 0.62 (±0.05) 0.27 (±0.03) 0.86 (±0.07) 0.51 (±0.06) 0.88 (±0.07) 0.54 (±0.06)
Novatech MTA 0.69 (±0.01) 0.45 (±0.02) 0.71 (±0.03) 0.42 (±0.03) 0.72 (±0.02) 0.46 (±0.04) 0.74 (±0.04) 0.50 (±0.04)
Reef Conflict 5 0.61 (±0.02) 0.59 (±0.02) 0.66 (±0.03) 0.58 (±0.03) 0.66 (±0.07) 0.64 (±0.07) 0.68 (±0.07) 0.67 (±0.07)
Green Showdown 0.44 (±0.01) 0.40 (±0.01) 0.46 (±0.03) 0.51 (±0.05) 0.46 (±0.02) 0.47 (±0.03) 0.50 (±0.12) 0.47 (±0.03)
Brookdale Funding 0.56 (±0.01) 0.45 (±0.01) 0.60 (±0.02) 0.48 (±0.03) 0.92 (±0.03) 0.45 (±0.02) 0.92 (±0.03) 0.34 (±0.09)
GreenGlow Fair 0.19 (±0.01) 0.41 (±0.01) 0.20 (±0.01) 0.44 (±0.01) 0.24 (±0.01) 0.63 (±0.02) 0.26 (±0.04) 0.63 (±0.02)
Crossroads 0.48 (±0.02) 0.82 (±0.01) 0.39 (±0.05) 0.84 (±0.02) 0.38 (±0.08) 0.73 (±0.07) 0.38 (±0.08) 0.73 (±0.07)
Friends Driveway 0.67 (±0.02) 0.84 (±0.01) 0.73 (±0.04) 0.89 (±0.00) 0.79 (±0.03) 0.84 (±0.02) 0.81 (±0.03) 0.84 (±0.03)
Backstage Battle 0.52 (±0.03) 0.52 (±0.04) 0.58 (±0.08) 0.62 (±0.06) 0.66 (±0.01) 0.42 (±0.05) 0.25 (±0.06) 0.40 (±0.05)
Safety Fairness Dispute 0.92 (±0.01) 0.78 (±0.02) 0.89 (±0.03) 0.79 (±0.03) 0.92 (±0.04) 0.82 (±0.04) 0.92 (±0.04) 0.82 (±0.04)
Balancing Traditions 0.43 (±0.01) 0.66 (±0.02) 0.40 (±0.02) 0.67 (±0.02) 0.61 (±0.04) 0.67 (±0.03) 0.70 (±0.04) 0.69 (±0.03)
SolWave Aquisition 0.66 (±0.03) 0.36 (±0.06) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.00)
Library Shutdown 0.77 (±0.02) 0.95 (±0.01) 0.85 (±0.03) 0.99 (±0.01) 0.84 (±0.03) 1.00 (±0.00) 0.84 (±0.03) 1.00 (±0.00)
Lunar Legacy 0.69 (±0.02) 0.55 (±0.02) 0.59 (±0.05) 0.59 (±0.07) 0.60 (±0.07) N/A 0.60 (±0.07) N/A
Deposit Dilemma 0.65 (±0.03) 0.62 (±0.02) 0.84 (±0.06) 0.66 (±0.03) 0.82 (±0.07) 0.64 (±0.03) 0.85 (±0.07) 0.52 (±0.08)
Battle Horizon 0.54 (±0.02) 0.77 (±0.02) 0.49 (±0.04) 0.87 (±0.03) 0.55 (±0.03) 0.83 (±0.04) 0.44 (±0.08) 0.79 (±0.04)
Rent Deadline 0.71 (±0.01) 0.85 (±0.02) 0.67 (±0.06) 0.94 (±0.02) 0.62 (±0.02) 0.93 (±0.02) 0.62 (±0.02) 0.89 (±0.05)
Gourmet Shutdown 0.46 (±0.02) 0.47 (±0.02) 0.48 (±0.04) 0.47 (±0.03) 1.00 (±0.19) 0.63 (±0.08) 1.00 (±0.19) 0.63 (±0.08)
Museum Standoff 0.44 (±0.02) 0.33 (±0.02) 0.50 (±0.07) 0.34 (±0.03) 0.50 (±0.04) 0.48 (±0.04) 0.50 (±0.04) 0.48 (±0.04)
Brewnation Harborcup 0.66 (±0.02) 0.90 (±0.02) 0.73 (±0.08) 0.91 (±0.03) 0.80 (±0.05) 0.95 (±0.05) 0.80 (±0.05) 0.95 (±0.05)
Gene Editing 0.74 (±0.02) 0.73 (±0.02) 0.66 (±0.04) 0.78 (±0.04) 0.76 (±0.06) 0.80 (±0.05) 0.76 (±0.06) 0.80 (±0.05)
GreenLeaf Partnership 0.63 (±0.02) 0.51 (±0.02) 0.56 (±0.04) 0.60 (±0.11) 0.57 (±0.04) 0.50 (±0.03) 0.65 (±0.04) 0.62 (±0.03)
Boundaries Betrayal 0.80 (±0.02) 0.79 (±0.02) 0.78 (±0.05) 0.76 (±0.04) 0.84 (±0.04) 0.91 (±0.04) 0.84 (±0.04) 0.91 (±0.04)
Crestfield Mindspark 0.61 (±0.02) 0.23 (±0.03) 0.66 (±0.03) 0.47 (±0.04) 0.61 (±0.04) 0.38 (±0.03) 0.45 (±0.06) 0.38 (±0.03)

Table 10: Comparison of performance between methods on negotiation tasks in STRATEGICBENCH.
Results report the mean rewards when agents negotiate as Agent 1 and Agent 2, with standard error
(SEM). Results are averaged across opponent agents. Bold values indicate the statistically superior
mean reward for a specific agent role between the two models.
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