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Abstract

Large language models (LLMs) have shown
strong abilities in mathematical reasoning,
commonsense reasoning, and code generation.
However, negotiation requires interactive
reasoning, where each action can influence
the opponent’s future behavior. Agents must
therefore look beyond the current dialogue
state and consider the long-term effects of
their actions. Existing LLM-based negotiation
agents often rely on prompting or fine-tuning
from self-play trajectories. These methods can
produce fluent responses and help models learn
useful bargaining patterns. Yet at decision time,
they often remain reactive, responding mainly
to the current dialogue without reasoning
about how different actions may shape future
negotiation paths. We introduce an online
strategic reasoning method that combines
Monte Carlo Tree Search (MCTS)-based
lookahead planning with opponent simu-
lation. Before responding, our agent uses
a proxy opponent agent to simulate future
interactions and evaluate candidate strategies
by their expected long-term outcomes. To
make opponent simulation more precise,
we proposed a Theory-of-Mind-inspired
opponent modeling module that infers latent
opponent attributes from dialogue history and
conditions the proxy opponent agent during
search. Experiments on CraigslistBargain
and A2A-NT show that our method improves
negotiation efficiency and profitability. Our
code is available on hitps://github.com/Al-
Application-and-Integration-Lab/MCTS-
guided-LLM-Negotiation.

1 Introduction

Recent large language models (LLMs) have demon-
strated strong capabilities in reasoning (He et al.,
2025), planning (Wei et al., 2025), and natural lan-
guage interaction (Bai et al., 2024). These capa-
bilities are commonly evaluated on tasks such as
mathematical reasoning, code generation, and in-
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struction following, where models are expected to
decompose problems, apply relevant knowledge or
rules, and produce correct and useful responses.

Many real-world decision-making problems,
however, require more than producing a correct re-
sponse to a given input. Strategic interaction tasks
such as negotiation, persuasion, and multi-agent
games require agents to reason about other partic-
ipants and anticipate how their actions may influ-
ence future interactions (Zhang et al., 2024c). Ne-
gotiation is one such setting, where an agent must
not only understand the current situation, but also
anticipate how its actions may influence the oppo-
nent’s future responses. Price negotiation provides
a concrete case for studying this type of strategic
reasoning (Jia et al., 2025). For example, a seller
may need to decide whether to accept a buyer’s
low offer, make a small concession, or insist on a
higher price. Each choice affects not only the im-
mediate price, but also the buyer’s future actions. A
successful negotiation agent must therefore reason
about long-term outcomes under hidden opponent
constraints, such as the buyer’s budget, reservation
price, and urgency.

Early LLM-based negotiation agents often rely
on prompting alone (Bianchi et al., 2024; Zhu
et al., 2025a,b), where the model generates the
next response directly from the dialogue history.
Although prompting can produce fluent negotia-
tion utterances, recent systematic evaluations show
that LLMs still struggle to generate strategically
appropriate responses across diverse negotiation
tasks (Kwon et al., 2024; Davidson et al., 2024),
and often fail to maintain stable bargaining strate-
gies over multiple turns to reach agreements. One
way to improve strategic behavior is to train LLMs
on negotiation data (He et al., 2018). However,
such data is difficult to obtain because negotiation
is dynamic: each offer or response can change the
opponent’s future actions. To address this data
scarcity, a recent method (Liu et al., 2025) gen-
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erates negotiation trajectories through LLM self-
play, guided by Monte Carlo Tree Search (MCTS)
to explore diverse bargaining paths and identify
paths that are more likely to reach an agreement.
These generated trajectories provide training data
that help models learn useful bargaining patterns,
such as when to concede, how to justify an offer,
and how to respond consistently to the opponent’s
previous proposals.

Although self-play data can help models learn
common bargaining patterns, learning such pat-
terns is not the same as reasoning through a nego-
tiation at decision time (Deng et al., 2023; Kwon
et al., 2025). We argue that effective negotiation
agents should have both learned bargaining pat-
terns and reason beyond the current dialogue state
before responding. A fine-tuned model may know
when to concede or how to justify an offer, but still
chooses its next response mainly from the current
dialogue state. This reactive process is insufficient
for negotiation.

To address this challenge, we introduce an online
strategic reasoning method for LLM-based negotia-
tion. Instead of relying solely on a learned response
policy, our agent searches over possible future ne-
gotiation continuations before responding to the op-
ponent. Since negotiation naturally branches over
different actions and possible opponent reactions,
we formulate response selection as a tree search
problem (Hao et al., 2023; Yao et al., 2023). During
search, we use a proxy opponent agent to simulate
how the real opponent may respond. We then apply
MCTS to explore high-value future paths, where
each path represents a possible sequence of agent
actions and simulated opponent responses. This
allows the agent to compare candidate strategies
based on their expected long-term outcomes rather
than only immediate plausibility.

Effective lookahead planning also depends on a
realistic model of the opponent. In negotiation, key
opponent attributes such as preferences, reservation
price, willingness to concede, and sensitivity to
persuasion are usually hidden. Inspired by Theory-
of-Mind (ToM) (Chan et al., 2024; Chen et al.,
2024) reasoning, we introduce an opponent model-
ing module that infers these latent attributes from
the dialogue history on the fly. The inferred oppo-
nent state is then used to condition the proxy op-
ponent agent during MCTS. This allows the proxy
opponent agent to simulate future responses un-
der more realistic assumptions about how the real
opponent may behave.

By combining learned bargaining behavior, op-
ponent modeling, and online tree-search planning,
our method enables negotiation agents to make
more informed decisions and adapt to opponent
behavior during the interaction. The explicit search
process also provides interpretable strategy com-
parisons. By comparing alternative offers and their
predicted outcomes, our method can support not
only autonomous negotiation, but also negotiation
assistance for human users (Shea et al., 2024). Ex-
periments on CraigslistBargain (CB) (He et al.,
2018) and A2A-NT (Zhu et al., 2025a,b) show that
our approach achieves balanced improvements in
negotiation efficiency and profitability. Our contri-
butions are summarized as follows:

e We propose an online strategic reasoning method
for LLM-based negotiation that uses MCTS-based
lookahead planning to select strategies based on
expected long-term outcomes.

e We introduce a Theory-of-Mind-inspired oppo-
nent modeling module that infers latent opponent
attributes from dialogue history to condition a
proxy opponent agent during tree search for more
realistic opponent simulation.

e Experiments on CraigslistBargain and A2A-NT
benchmarks show that our method improves nego-
tiation efficiency and profitability.

2 Related Work

We briefly review prior work on negotiation agents,
planning, and opponent modeling.

Negotiation Agents. Negotiation requires both
fluent language generation and strategic decision
making. Early neural-network methods framed ne-
gotiation as a sequential decision-making problem.
Lewis et al. (2017) trained GRU networks (Chung
et al., 2014) on human-human negotiation dia-
logues and further improved them through rein-
forcement learning in self-play. He et al. (2018)
later separated negotiation strategy from language
generation by first selecting a dialogue act and then
generating the corresponding response.

Given the strong language understanding and
instruction-following abilities of modern LLMs,
many recent methods prompt LLMs to generate
the next response directly from the dialogue con-
text (Bianchi et al., 2024; Zhu et al., 2025a,b; Ab-
delnabi et al., 2023). Although prompting can pro-
duce fluent responses, recent benchmarks reveal
that LLMs still fall short of producing strategically
appropriate responses across diverse negotiation
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Figure 1: Illustration of opponent-aware online strategic reasoning for price negotiation. The buyer agent infers the
seller’s hidden attributes from the dialogue history and uses them to condition a proxy seller LLM agent. During
Monte Carlo Tree Search (MCTS), the proxy seller simulates possible responses to candidate seller offers, allowing
the buyer to evaluate future negotiation paths and select the next response based on expected long-term outcomes.

settings, including multi-issue bargaining (Kwon
et al., 2024; Davidson et al., 2024) and price ne-
gotiation grounded in real-market data (Xia et al.,
2024). Beyond strategy selection, recent work also
shows that personality and behavioral traits substan-
tially affect LLM negotiation outcomes (Huang and
Hadfi, 2024), motivating opponent models that cap-
ture such latent attributes. A common way to im-
prove strategic behavior is to train LLMs on negoti-
ation interaction data. Such data, however, is costly
and domain-specific. Datasets such as Craigslist-
Bargain (CB) are collected from human-human ne-
gotiations in a specific scenario, and adapting to a
new negotiation setting often requires substantially
additional data collection effort.

To address this data scarcity, recent training-
based methods generate negotiation trajectories
through self-play. Since possible bargaining paths
grow combinatorially as each offer and response
leads to different continuations, methods such
as DMNA (Liu et al., 2025) use MCTS to sam-
ple promising trajectories and construct prefer-
ence data, which is then used to train the nego-
tiation policy with Direct Preference Optimization
(DPO) (Rafailov et al., 2023).

While these methods improve negotiation agents
before deployment, they typically do not perform

explicit lookahead at decision time. The agent di-
rectly generates the next response from the current
dialogue state, without comparing the expected
long-term outcomes of alternative actions.

Negotiation Planning. Several recent methods
introduce explicit planning into LL.M-based ne-
gotiation. Pro-CoT (Deng et al., 2023) prompts
LLM:s to reason about negotiation goals before re-
sponding. ASTRA (Kwon et al., 2025) performs
turn-level offer optimization by interpreting coun-
terpart behavior, optimizing counteroffers with a
linear-programming solver, and selecting offers by
estimating the acceptance probability. Beyond ne-
gotiation, a growing line of work combines LL.Ms
with tree search for multi-step reasoning and plan-
ning (Hao et al., 2023; Yao et al., 2023; Zhao
et al., 2023; Wan et al., 2024; Tian et al., 2024,
Zhang et al., 2024a). In the dialogue domain, GDP-
Zero (Yu et al., 2023) uses prompt-based MCTS for
goal-oriented dialogue policy planning; DPDP (He
et al., 2024) uses a dual System-1/System-2 method
that invokes MCTS rollouts when a fast policy is
uncertain; and ChatSOP (Li et al., 2025) performs
SOP-guided MCTS planning for controllable LLM
dialogue agents.

Despite these planning components, existing
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negotiation-specific planners reason only at the
level of the next goal or the next offer, without con-
sidering future opponent interactions. In contrast,
our method performs online MCTS over future dia-
logue paths, allowing each candidate response to
be evaluated by its expected long-term effect on
the negotiation.

Opponent Modeling and Theory of Mind. Ne-
gotiation is an incomplete-information problem:
agents do not directly observe the opponent’s reser-
vation price, urgency, willingness to concede, or
sensitivity to persuasion. Opponent modeling aims
to infer such hidden factors from observed behav-
ior and use them for strategy selection. Early work
modeled opponents from observed bids, such as
their preferences, concession patterns, and utili-
ties (Baarslag et al., 2016), but mainly focused on
negotiations where offers are represented as struc-
tured bids rather than open-ended language.

Recent work connects opponent modeling with
Theory of Mind (ToM), the ability to infer oth-
ers’ beliefs, desires, intentions, and preferences.
A growing body of benchmarks evaluates ToM
capability in LL.Ms across narratives, dialogues,
and interactive scenarios (Chen et al., 2024; Xu
et al., 2024; Kim et al., 2023), generally finding
that even strong LL.Ms lag behind human perfor-
mance on belief and intent inference. In strategic
settings, Chan et al. (2024) show that explicit ac-
cess to opponent preference information improves
negotiation strategy prediction, highlighting the
importance of accurate mental-state inference for
downstream decision making. LLM-based systems
such as ASTRA (Kwon et al., 2025) also incorpo-
rate opponent modeling into the decision process,
but rely on the emergent ToM capability of the
underlying LLM.

Our method incorporates opponent modeling di-
rectly into the planning loop. We formulate oppo-
nent modeling as a prediction problem and train
a dedicated module to infer the opponent’s prefer-
ences and intentions from the dialogue history.

3 Methodology

Our goal is to build a buyer-side negotiation agent
that combines learned bargaining behavior with
decision-time strategic reasoning. Offline training
helps the buyer acquire common negotiation pat-
terns, such as when to concede and how to justify
an offer. However, negotiation also requires the
buyer to reason about how the seller may react in

future turns, especially when the seller’s acceptable
price floor and behavioral tendencies are hidden.

We propose an opponent-aware online strategic
reasoning method. The actor learns buyer-side ne-
gotiation behavior from MCTS-generated prefer-
ence data, while the analyzer estimates the seller’s
latent state from dialogue. At inference time, the es-
timated seller state conditions a proxy seller during
MCTS, allowing the buyer to simulate future nego-
tiation continuations and select the response with
the highest estimated long-term outcomes. The
framework of our method is shown in Figure 1
Problem Formulation. We cast price negotiation
as a buyer-side decision-making problem. At turn
t, the buyer observes the dialogue history h; =
(uq,...,u:) and produces the next response ;.

The seller’s private state, including the accept-
able price floor, Big Five personality trait (Gold-
berg, 1992), and decision-making style, is hidden
from the buyer.

We design a reward function based on price ne-
gotiation. If a negotiation reaches an agreement in a
maximally allowed numebr of rounds, the reward is
defined as Rgeq = (Plist - Pdeal)/Plist with P the
listing price and Pyey the agreed price, Pyea < Fligt.
Otherwise, if it does not reach an agreement in the
allowed number of rounds or reaches an agreement
but Pgear > Bist, the reward is set as a negative
penalty value, Ryj.

Our method optimizes this reward with two mod-
ules: an opponent modeling module that estimates
the seller state, and an online strategic reasoning
module that applies this reward function to perform
MCTS before each buyer response.

3.1 Opponent Modeling Module

As illustrated in subfigure 3.a of Figure 1, the op-
ponent modeling module infers hidden seller in-
formation from the dialogue history. Inspired by
Theory-of-Mind reasoning (Chan et al., 2024; Chen
et al., 2024; Xu et al., 2024), the analyzer predicts
a structured seller state z; = ( ft, Ot+1, Dt+1, L),
where f; is the estimated seller price floor, 0441 €
{ACCEPT, COUNTER, REJECT} is the predicted
next seller act, p;41 is the predicted counteroffer
price when applicable, and 7; is a textual behav-
ioral profile summarizing the seller’s concession
style. For example, in the A2A-NT dataset, ft cor-
responds to the seller cost floor when available; in
the CB dataset, ft corresponds to the seller-side
private price. During the evaluation, the analyzer
observes only the dialogue history without access-
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ing the real hidden state of the seller.

The predicted state z; is used in two ways. First,
it conditions the proxy seller during MCTS rollouts,
making the simulated seller responses more consis-
tent with the inferred seller state. Second, it helps
estimate whether a candidate buyer’s response is
likely to result in agreement. Thus, opponent mod-
eling module directly shapes both opponent simu-
lation and value estimation.

3.2 Online Strategic Reasoning

In this section, we provide an overall procedure for
how the strategic reasoning module works. The
process is illustrated in part 3.b of Figure 1. A suc-
cessful strategic reasoning requires effective looka-
head ability. To this end, we employ online MCTS
to explicitly explore and evaluate possible future
trajectories. MCTS enhances the model’s ability to
anticipate opponent responses and improves over-
all strategic planning. Implementaion details of the
module are provided in Appendix A.

We conduct strategic reasoning through MCTS
before generating each buyer response. Given the
current negotiation context, MCTS simulates mul-
tiple possible future negotiation trajectories by in-
teracting with the proxy opponent model and eval-
uates them using the reward function. The search
process follows the four main stages.

Selection. Starting from the root node, repre-
senting the current negotiation state, the algo-
rithm recursively selects actions that maximize
the PUCT (Predictor + Upper Confidence bound
applied to Trees) function Q(s¢r,a) + U(s¢r,a),
where, (s, a) is the mean rollout value, and

V Za’ N(St’f“val)

1+ N (s¢r,a)
ploration bonus based on the prior policy P(sy,,a),

visit counts IN(-), and exploration weight cpyct.
This process continues until a leaf node is reached,
balancing exploitation and exploration.

U(stra (I) = CpuctP(Stra CL) is an ex-

Expansion . Once a leaf node is reached, the
actor model expands the tree by assigning a prior
P(s4r, a) over buyer strategies using the softmax-
normalized likelihood of each strategy. The strat-
egy set A containing the eleven buyer strategies is
listed in Appendix C.2. These newly added nodes
represent unexplored negotiation trajectories.

Simulation. From the expanded node, the algo-
rithm performs rollout simulations using the proxy
opponent model to predict future seller behav-
iors and estimate the outcome of the negotiation.

Each simulated trajectory terminates either when
an agreement is reached or when the negotiation
fails. Agreement states receive Rqeq, failed negoti-
ations receive Ry, and truncated states are valued
using a heuristic agreement estimate based on the
proxy opponent model.

Backpropagation. The reward obtained from the
simulated trajectory is propagated back through
the visited nodes, updating their value estimates
and visit counts. This enables the search tree to
progressively favor negotiation strategies that yield
higher expected buyer rewards.

3.3 Training Procedure

We train two components before online deploy-
ment: an actor and an analyzer. Following MCTS-
guided synthetic data generation (Liu et al., 2025),
we first generate self-play negotiation trajectories
with controlled seller states and explicit buyer-side
rewards. Unlike prior methods that use MCTS only
for offline data construction, our method also in-
vokes MCTS for online inference to evaluate future
dialogue continuations before each buyer response.

Actor training. The actor is trained to gener-
ate effective buyer utterance and execute optimal
strategy planning. For each search root, candidate
responses from different strategy realizations are
ranked by their MCTS branch values. Higher-value
responses are preferred over lower-value responses,
forming preference pairs (y™,y~). We then opti-
mize the actor with Direct Preference Optimiza-
tion (Rafailov et al., 2023).

Analyzer training. The analyzer is trained with
supervised fine-tuning on synthetic trajectories
with known seller states. Given a dialogue history,
it predicts the seller price floor, next act, counterof-
fer price if applicable, and behavioral profile. At
inference time, these predictions condition both the
proxy seller and the value estimator inside MCTS.

Together, the actor learns buyer-side negotiation
behavior, the analyzer estimates seller states, and
online MCTS evaluates future trajectories before
the buyer commits to its next response.

4 Experiments

4.1 Setup

Datasets. Our method is not only applicable to
price negotiation but a broad range of tasks where
dialogue actions can be evaluated by task-level re-
wards. In this paper, we focus on price negotiation
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Craigslist Bargain (He et al., 2018)

A2A-NT (Zhu et al., 2025a,b)

Agents SR (%)t AT| RD (%)} SR (%)t AT, RD (%)}
Qwen3-14B (Yang etal, 2025) 476  7.52 6.3 370 840 7.7
ProCoT (Deng et al., 2023) 220 934 32 400  8.56 6.3
ICL-AIF (Fu et al., 2023) 290 891 3.8 340  8.99 7.1
DMNA (Liu et al., 2025) 560 839 8.7 450  8.94 8.3
Ours 647 592 10.0 470 851 8.9

Table 1: Performance comparison of negotiation agents on two datasets. SR denotes success rate; AT denotes
average turns; and RD denotes the relative discount, reported as a percentage.

cout SR(%)T  AT| RD (%)t
1.0 250 930 3.6
2.5 60.0  8.05 10.2
5.0 300 930 4.4

Table 2: Negotiation performance on the A2A-NT
dataset under different MCTS exploration weights cpyc.

Agent Input  Completion Inference
gents  Tokens Tokens Time (min)

DMNA 55,104 8,931 22.95

Ours 50,619 3,171 28.03

Table 3: Computational cost comparison.

because widely used benchmarks were built around
price bargaining, where agreement outcomes and
utilities can be clearly measured. We evaluate
our method on two price negotiation benchmarks:
CraigslistBargain (CB) (He et al., 2018) and A2A-
NT (Zhu et al., 2025a,b). CB contains buyer-seller
negotiations over secondhand goods, where agents
bargain under private target prices. A2A-NT fo-
cuses on autonomous agent-to-agent negotiations
in consumer-market scenarios. Together, these
datasets cover both human-style bargaining and
autonomous agent-to-agent negotiation.

Comparison Baselines. We compare our method
with three LLM-based negotiation baselines: ICL-
AIF (Fuetal., 2023), which uses in-context Al feed-
back; Pro-CoT (Deng et al., 2023), a negotiation-
planning method which performs explicit reasoning
before response generation; and DMNA (Liu et al.,
2025), which combines strategic planning with ex-
pressive response generation. Since the codes are
unavailable or not directly compatible with our
experimental setting, we reproduce all methods
described in the original papers. Implementation
details are provided in Appendix B.

Metrics. We evaluate negotiation performance
using average turns (AT), success rate (SR), and
relative discount (RD). AT measures the average
number of dialogue turns before agreement; failed

negotiations are assigned the maximum turn limit,
N. SR is the ratio of negotiations yielding agree-
ment. RD measures the buyer’s discount relative to
the listing price: RD = %, where P is the
listing price and Pyey is the final deal price. Higher
RD indicates a more favorable buyer outcome and
we assign RD = 0 for failed negotiations

Experimental Details. Following the user sim-
ulator design of Zhang et al. (2024b), we as-
sign simulated sellers diverse persona profiles,
including Big Five personality traits (Goldberg,
1992), decision-making styles, and predefined non-
collaborative negotiation strategies. This design in-
troduces behavioral diversity and reduces overly co-
operative simulator behavior. The backbone of all
user simulators is Qwen3-14B (Yang et al., 2025).

4.2 Main Results

Table 1 presents the main experimental results on
the CB and A2A-NT benchmarks. On CB dataset,
our method achieves the strongest overall perfor-
mance, substantially outperforming all others with
a 64.7% success rate. It reduces negotiation length
to 5.92 turns, and reaches the highest RD of 10.0%.
On the A2A-NT benchmark, our method also de-
livers the best overall results, achieving the highest
success rate of 47.0% and the strongest RD of 8.9%,
while maintaining a competitive average negotia-
tion length of 8.51 turns. These results demonstrate
that our method consistently improves negotiation
effectiveness. Overall, our method offers a bal-
anced improvement in efficiency (average turns)
and profitability.

4.3 Detailed Analysis

Effect of exploration weight in the MCTS. Ta-
ble 2 presents the impact of varying the MCTS ex-
ploration weight ¢,y 0n negotiation performance,
evaluated on the A2A-NT benchmark across three
metrics: SR, AT, and RD. The results reveal a clear
non-monotonic relationship between exploration
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intensity and negotiation effectiveness, with perfor-
mance peaking at an intermediate value of cpyc; =
2.5. At this setting, the agent achieves a success
rate of 60%, while simultaneously reaching agree-
ments more efficiently and securing substantially
higher surplus. In contrast, both lower (cpuee = 1.0)
and higher (cpue = 5.0) exploration weights yield
markedly worse outcomes. This pattern suggests
that insufficient exploration (cpyct = 1.0) causes the
search to commit prematurely to suboptimal negoti-
ation trajectories, while excessive exploration (Cpuct
= 5.0) prevents the agent from adequately exploit-
ing promising strategies, dispersing search effort
across unproductive branches. The pronounced
sensitivity of all three metrics to cpuec underscores
the importance of carefully balancing exploration
and exploitation in MCTS-guided negotiation, and
motivates the choice of ¢pye = 2.5 (which is also
used for CB).

Effect of simulations in the MCTS. The domi-
nant cost of our approach is the MCTS rollout bud-
get, since each simulation issues additional LLM
calls to the proxy seller. Our default configuration
uses 5 simulations per turn. To characterise the
cost—quality trade-off we sweep the budget over
{3,5,10} and report both negotiation quality and
wall-clock latency.

Table 4 exhibits a monotone cost—performance
trade-off. All three quality metrics improve to-
gether with the budget: success rate rises from
45% to 85%, average turns fall from 8.60 to 6.30,
and relative discount nearly doubles from 7.15%
to 13.72%. Deeper search lets the buyer identify
concession sequences that close the deal earlier and
at a better price, so the extra compute is not spent
merely on longer dialogues.

The returns are, however, uneven in cost. Mov-
ing from 3 to 5 simulations roughly doubles latency,
while moving from 5 to 10 adds only a further
15% wall-clock time yet delivers the largest single
jump in quality, because the shorter negotiations
at 10 simulations partly offset the higher per-turn
cost. Practitioners who are latency-tolerant should
therefore prefer a larger budget; we retain 5 as
the default to keep per-negotiation cost in a range
that supports the full evaluation suite. We use this
default in all other experiments unless stated other-
wise.

Computational Cost. Table 3 reports computa-
tional cost along three axes: input tokens, comple-
tion tokens, and inference time per negotiation. Our

agent consumes fewer input tokens than DMNA
(50,619.22 vs. 55,104.60) and fewer completion
tokens (3,171.04 vs. 8,931.17), indicating that the
structured strategic reasoning module yields more
concise utterances and reasoning traces. Inference
time is higher for our agent, but this comparison is
not like-for-like: DMNA is implemented with the
GPT-40-mini for its reflexion module, and Qwen3-
14B for the intuitive module. Moreover, as com-
mercial models are typically faster in inference, the
reported overhead on time therefore should be re-
garded as an upper bound on the cost of our method.
Given the performance gains reported in earlier ta-
bles, the trade-off is favorable: lower completion-
token usage at a moderate latency cost.

Expected Discount Rate. In the A2A-NT
dataset, the buyer is provided with a target price
within the prompt. Based on these target prices,
we estimate the average discount rate that could
be achieved if the buyer successfully reaches the
desired deal price. We regard this value as an ap-
proximate upper bound of the discount achievable
through negotiation. Under this definition, the max-
imum expected discount rate is 18.41% for A2A-
NT.

Among the successful negotiations, our method
achieves an average real discount rate of 18.95%
relative to the listing price, closely matching the
buyer’s expected discount target. The gap indi-
cates that when the buyer agent reaches an agree-
ment, the final accepted price is effectively on par
with the buyer’s own target, demonstrating that the
MCTS-guided strategy selection does not merely
secure deals at any price but consistently closes
them lower than the pre-defined price objective.
This alignment between intended and realized dis-
count rates suggests that our method enables the
buyer to negotiate efficiently toward its target rather
than conceding excessively to close a deal.

Robustness to Opponent-Model Mismatch.
MCTS rollouts are performed against a proxy seller,
which will rarely coincide with the opponent met at
deployment. We therefore ask whether the gains re-
ported above require the two to be the same model.
We fix the proxy to Qwen3-14B and evaluate on
A2A-NT against several seller models; the Qwen3-
14B row is matched, all others mismatched.

Table 5 shows that performance does not depend
on this correspondence. The matched condition
does not upper-bound the mismatched ones: three
of the four unseen sellers yield both a higher suc-
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# Simulations

Success Rate (%) 1 Avg. Turns | Rel. Discount (%)t  Time / negotiation (min)

3 45 8.60
5 (default) 60 8.45
10 85 6.30

7.15 18.42
10.46 35.49
13.72 40.73

Table 4: Effect of the MCTS simulation budget on negotiation quality and inference cost. Latency is measured

end-to-end on identical hardware.

Evaluation seller

Success Rate (%) T Avg. Turns | Rel. Discount (%) 1

Qwen3-14B 47.0
GPT-40-mini 41.0
Gemini 3 Flash 99.0
GPT-5.6-luna 95.0
Claude-Haiku-4.5 81.0

8.51 8.90
8.45 5.75
5.26 16.60
6.20 17.10
6.84 13.60

Table 5: Robustness to opponent-model mismatch on A2A-NT. The proxy seller used for MCTS rollouts is Qwen3-
14B in all rows; only the evaluation seller changes. The first row is the matched condition.

A2A-NT
Agents SR (%) AT| RD (%)t
Ours 48.0 8.64 9.5
w/o OMM 36.0 8.62 8.5
w/o SRM 18.0 9.50 4.1

Table 6: Ablation study on the A2A-NT benchmark.

cess rate and a larger relative discount. The excep-
tion, GPT-40-mini, concedes less to any buyer, so
its lower discount reflects the opponent’s reserva-
tion behavior rather than a penalty for being unseen
during search.

Model capability, moreover, does not directly
translate into negotiation difficulty. Several of
the newer sellers appear overly accommodating:
Gemini 3 Flash and GPT-5.6-luna close after
few exchanges and at large discounts, suggesting
thatthey concede earlier than the seller role war-
rants. General-purpose helpfulness works against a
model here, since a willingness to agree is precisely
what the role should temper.

The proxy therefore need not reproduce the op-
ponent faithfully; it need only supply a reward sig-
nal reliable enough to rank candidate utterances.
Search uses the proxy comparatively to judge
which concession fares better rather than to predict
the seller’s replies exactly, so the approximation er-
ror that shifts branches in the same direction leaves
the selected action unchanged.

4.4 Ablation Study

To examine the effectiveness of our method, we
conduct experiments on the following variants:

e w/o OMM represents removing the opponent
modeling module. Relying on only empty informa-

tion in the strategic reasoning module.
o w/o SRM represents removing the strategic rea-
soning module.

The performance of each variant is recorded in
Table 6. Removing the opponent modeling module
leads to a noticeable decrease in SR, dropping from
48% to 36%, while also reducing the RD from 9.5%
to 8.5%. This suggests that opponent modeling
helps the agent better infer the negotiation state
and select more effective strategies. Although the
average number of turns becomes slightly lower,
the reduced negotiation outcome indicates that the
agent tends to settle for less favorable deals.

When the strategic reasoning module is removed,
the performance degradation becomes more inten-
sive. The SR drops substantially to 18%, and
the RD decreases to 4.1%. In addition, the av-
erage number of turns increases to 9.50, indicat-
ing that negotiations become less efficient without
planning-based reasoning. These results demon-
strate that the strategic reasoning module plays a
critical role in guiding the agent toward effective
negotiation strategies, while the opponent model-
ing module further improves performance through
enhanced opponent understanding.

4.5 Case Study

We illustrate the end-to-end behavior of our sys-
tem on a representative scenario from the A2A-NT
dataset: the sale of a Kia Telluride listed at $35,890,
with a hidden seller floor of $28,712 and a buyer
target of $30,148. The full trajectory is given in Ta-
ble 7. We highlight three observations that together
motivate the design of the pipeline.

At Turn 4, after observing three rounds of con-
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Item
Buyer target price

Kia Telluride (Vehicle)
$30,148

$35,890
$28,712

Listing price
Seller floor

Seller Big Five
Seller Decision style

Agreeableness: cooperative, accommodating
Behavioral: people-oriented, collaborative

Turn Analyzer Prediction

Buyer (Ours)

Seller(Qwen3-14B)

1 N/A

[Use comparatives] “I’'m offering $28,000
for the Kia Telluride.” < $28,000

“That’s quite a bit below our listed price, but
let me check if there’s any flexibility.” —
$30,000

floor = $31,752

[Propose a counter price] “I’ll stick with

“I"d need to be closer to $30,000 to consider

2 .. $28,000; it aligns with market value and my . i
Agreeable / Intuitive budget” — $28,000 moving forward.” < $30,000
floor = $29,560 [P’i“p(}‘w a counter price] “Similar Hyupdal “The Telluride offers unique features and
3 Agrecable / Anchoring T 2lisades sell for ~$27,500, 50 $28,0001s - pbinivy that set it apart” <> $29,000
& € still fair” < $27,500 y part. ’
floor = $28,680 [Propose a counter price] “I’ll adjust to « . , .
4 Conscientious / $28,500, but $28,000 is still fair given the Appreciate the movement, but I'm still

Analytical competition.” < $28,500

looking closer to $29,000.” < $29,000

Turns 5-6 omitted for brevity

floor = $28,000
7 Agreeable /
Collaborative

[Agree with the proposal] “1 agree to the
proposed price of $28,500.” < $28,500

“That’s great news; I’'m glad we could find
common ground.” < Accepted

Table 7: Example negotiation dialogue from the A2A dataset, Scenario 13: Kia Telluride. The setup block
summarizes the negotiation context, while the trajectory block shows turn-by-turn dialogue. Buyer strategies are

highlighted in purple, and parsed offers are shown in blue.

cession dynamics, the analyzer infers the seller’s
reservation level at $28,680, within 0.11% of the
true floor of $28,712 (see the Analyzer column
of Table 7). Critically, this estimate is recovered
purely from dialogue: the buyer never sees the
listing-side cost floor, and earlier analyzer predic-
tions (Turns 2-3) are noticeably less accurate, drift-
ing between $29,560 and $31,752. The improve-
ment at Turn 4 reflects the analyzer’s ability to
observe the seller’s price trajectory and provide an
approximation of the unseen negotiation boundary
that directly conditions downstream search.

The inferred opponent model reshapes MCTS
planning by shifting the search from broad explo-
ration to targeted exploitation near the estimated
reservation region. Once the analyzer’s estimate
concentrates close to the true floor, simulated roll-
outs begin to discriminate finely between candidate
offers, and the Propose a counter price strategy
emerges as consistently preferred over other strate-
gies. Without an accurate floor estimate, MCTS
would otherwise oscillate between overly aggres-
sive and overly conservative offers and waste simu-
lations on dominated actions.

Guided by the analyzer’s opponent-aware belief,
the buyer commits to $28,500, a value lying just
below the inferred floor but acceptable to the seller,
and the negotiation closes in agreement at Turn 7.
We view this as evidence that accurate Theory-of-

Mind estimation not only predicts hidden prefer-
ences but also improves the strategic stability and
convergence of MCTS-based negotiation: the an-
alyzer narrows the search space, MCTS exploits
it, and the two components reinforce each other
across turns.

5 Conclusion

In this work, we propose a negotiation method that
combines MCTS with ToM-guided reasoning to en-
hance strategic decision-making in LLM-based ne-
gotiation agents. Our method enables agents to bet-
ter analyze negotiation progress, model opponent
behavior, and select appropriate negotiation strate-
gies during multi-turn interactions. We evaluate
our approach on the Craigslist Bargain and A2A-
NT benchmarks using success rate, average turns,
and relative discount as evaluation metrics. Experi-
mental results show that our method achieves com-
petitive and consistent performance across both
datasets, with notable improvements in negotiation
efficiency and deal quality. Ablation studies further
demonstrate the effectiveness of both the opponent
modeling module and the strategy planning mod-
ule. At the same time, our analysis suggests that
current negotiation agents still face challenges in
consistently following target-price objectives and
maintaining long-term strategic consistency.
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Limitations

Our experiments are conducted in an LLM-vs-
LLM simulation setting, following recent work on
LLM-based negotiation (Liu et al., 2025; Kwon
et al., 2025; Zhu et al., 2025a,b). This setting en-
ables controlled and reproducible evaluation across
diverse personas and scenarios, but it does not cap-
ture all aspects of real human negotiation. Human-
in-the-loop evaluation would provide a complemen-
tary test of how the proposed method performs
with human counterparts. Our evaluation focuses
on single-issue price negotiation, where outcomes
can be measured clearly through agreement rates,
negotiation length, and final prices. This setting
provides a clean testbed for studying opponent-
aware planning, but our method is not inherently
limited to price negotiation. We therefore believe
it can be extended to broader negotiation settings.
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Appendix

This appendix provides supplementary material to
support the main paper. Appendix A details the
four-phase MCTS procedure used in our strategic
reasoning module. Appendix B describes the imple-
mentation of the baseline systems compared in our
experiments. Appendix C presents the prompt tem-
plates, the buyer strategy taxonomy, and the user
simulation setup used to construct diverse seller
personas. Finally, Appendix D reports the training
configurations and data statistics for the analyzer
(SFT) and actor (DPO) modules.

We will release our code upon acceptance to
facilitate the community’s progress on this topic.

A Strategic Reasoning through MCTS:
Implementation Details

The implementation of our MCTS is built on the
search procedure introduced by GDP-Zero (Yu
et al., 2023) and adapt it to the negotiation setting.
This section complements the main paper by laying
out how MCTS is instantiated in our pipeline. At
each turn ¢, we represent the dialogue context as the
history of past acts si. = (ao,...,a;), and write
a* for the strategy ultimately committed to at that
turn. The search proceeds through four phases that
are repeated for K iterations; across iterations, we
maintain running statistics for each visited node —
the action value (), the state value V/, and the visit
count N — and use the accumulated statistics to
pick the final strategy once the budget is exhausted.
The four phases are as follows:

Selection. For the current node sy, this phase
aims to choose a dialogue strategy a to reach a child
node. To balance exploration and exploitation, we
employ the PUCT function to select the dialogue
strategy:

PUCT((str,a) = Q(str, )

Za’ N(St’r‘7 a'/)
1+ N(sgr,a)

+¢p - P(syy,a) -

The algorithm keeps selecting a child node in se-
quence until a leaf node is reached.

Expansion. Upon reaching a leaf node, we use
the LLM as a policy network to obtain a prior distri-
bution over the candidate strategies .A. We directly
read the LLM’s log-probability ¢, for each strat-
egy token a conditioned on the current dialogue

context, and convert these scores into a prior via a
temperature-scaled softmax:

exp(ly/T)
> weaexp(le/T)

where 7 controls how peaked the prior is. The
resulting probabilities populate P(sy-,a) in the
PUCT formula. Each newly expanded child is ini-
tialized with Q(s¢, ) = Qo, a hyperparameter that
biases early exploration.

P(a| su) =

Evaluation. We determine the value of a state
based on the likelihood of its dialogue context lead-
ing to task success. In our buyer-side negotiation
task, the goal is to reach a mutually agreeable price
with the seller, so we evaluate a leaf state by esti-
mating the expected profit reward conditioned on
the current price context and the seller’s likelihood
of acceptance. Because the seller is a stochastic
LLM, we additionally maintain a small pool of
sampled rollouts per node to stabilize this estimate.

Backpropagation. After each search iteration
concludes, we perform the following updates:

N(str,a) < N(s¢,a) + 1

Q(Stra a’) — Q(St’l‘7 a) + AQ(St’I‘7 a)

After all simulations, we select the optimal strat-
egy for the current state s, using:

a* = argmax N(s)., a)
a

B Implementation of baselines

We provide details on how we implemented the
baselines in the main results.

Pro-CoT: Following Deng et al. 2023, we prompt
Qwen3-14B to reason explicitly in three sequential
steps before generating a response: (1) analyze the
current negotiation progress and set a goal, (2) se-
lect an appropriate strategy and a dialogue act, and
(3) generate a response grounded in the reasoning.
ICL-AIF: Following Fu et al. 2023, we prompt
Qwen3-14B to generate three verbal suggestions
for the dialogue agent after each completed nego-
tiation. These suggestions are accumulated in a
rolling buffer that is capped at 20 and injected into
every subsequent turn as in-context guidance.
DMNA: Following Liu et al. 2025, we fine-tune a
Qwen3-14B actor model with DPO as the intuitive
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module, which generates a stategic response in a
single forward pass. We use GPT-40-mini(OpenAl,
2024) as the reflexion module: at each turn, 3 inde-
pendent critic instances score the response, and if
a majority flag it as poor, a moderator synthesizes
their feedback and the actor regenerates with the
critique appended as memory. We set the number
of critics to 3 and the maximum number of reflex-
ion iterations to 3.

C Details of Prompting
C.1 Prompt Template

We use four prompt types in each domain. All
prompts follow a role-playing framing and produce
structured outputs that are parsed by regular ex-
pression. The CB and A2A-NT domains share the
same overall prompt structure but differ in their
item-context fields and in whether a seller cost
floor is made explicit. Placeholders in curly braces
(e.g., {title}) are substituted at runtime. The full
prompt texts are at Tables 10-16.

* Buyer Prompt: generate a single negotiation
utterance conditioned on a pre-selected strat-
egy (CB: Table 10; A2A-NT: Table 11).

* Seller Prompt: simulate the opponent, con-
ditioned on the seller persona (Appendix C.3)
and conversation history (CB: Table 12; A2A-
NT: Table 13).

* Strategy Selection Prompt: provide the
MCTS with log-probabilities over the buyer
strategies (Appendix C.2) (CB and A2A-NT:
Table 14; ).

* Analyzer Prompt: update the buyer’s belief
about the seller after each real negotiation turn,
using the SFT-fine-tuned analyzer model (CB:
Table 15; A2A-NT: Table 16).

C.2 Details of strategies

We present the strategies used across both datasets,
comprising a total of 11 distinct strategies. De-
tailed descriptions of each strategy are provided in
Table 9.

C.3 User Simulation

To stress-test the buyer agent against a diverse
opponent population, each simulated seller is as-
signed a persona drawn from a small grid of traits
and styles. We build our prompt upon the prompts
introduced in DMNA (Liu et al., 2025), which are

based on TRIP (Zhang et al., 2024b) and Dutt et al.
2021. The prompts are located at Table 12 and
Table 13.

A persona combines three pieces: a background
archetype (e.g., a private seller, a small reseller),
one of five Big Five personality traits, and one
of four Decision-Making styles. The assignment
is scenario-indexed and deterministic so that the
evaluation set is reproducible and the trait/style
dimensions remain decorrelated across scenarios.
The resistance strategies follow (Dutt et al., 2021)
and are incorporated into the prompt.

D Details of Training

We train two LoRA adapters on top of a Qwen3-
14B base model: an analyzer (SFT) and an actor
(DPO). Through self-play MCTS, we generated
3,857 preference pairs for DPO training and 10,372
SFT training instances for the analyzer. High-level
training settings are summarized in Table 8.

Analyzer (SFT) Actor (DPO)

Objective Supervised next-token =~ DPO preference loss
Learning rate 1x107* 5x107°
Effective batch 8 16

Epochs 3 3

DPO — 0.1

Table 8: Training settings for the two fine-tuned models.
Both share the same LoRA configuration on a 4-bit
Qwen3-14B base.

The analyzer is trained with SFT to fill in the
structured prediction block of the analyzer prompt:
given a completed negotiation turn, it predicts the
seller’s target price, personality, and decision style
(plus a cost floor in the A2A domain). Training
entries are sampled from negotiations with known
ground-truth information.

The actor is trained with Direct Preference
Optimization (Rafailov et al., 2023). Following
DMNA (Liu et al., 2025), preference pairs are
mined from MCTS search trees on the training
split: for each scenario, the highest-reward strategy
realization is treated as the chosen response, and
other realizations from the same tree are treated as
rejected responses. The choice of 5 = 0.1 follows
standard practice in preference-based LLM align-
ment, trading off policy movement against staying
close to the base model.
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#  Strategy Description

1 Greetings Open the conversation casually.

2 Askaquestion Ask about features, condition, or history.

3 Answer a question Provide information or clarify when asked.

4 Propose the first price Initiate a price offer or range.

5  Propose a counter price Counter the seller’s offer with a new price.

6  Use comparatives Reference market prices to justify a lower offer.

7  Confirm information Ask the seller to confirm details.

8  Affirm confirmation Affirm the seller’s statement or question.

9  Deny confirmation Push back on the seller’s statement.

10 Agree with the proposal ~ Accept the seller’s price.

11  Disagree with a proposal ~ Reject the seller’s price and push lower.

Table 9: Details of the strategies used in both CB and A2A-NT.

The buyer prompt in CB

You are the buyer in a price bargaining game. Now enter the role-playing mode. Your strategy for
this turn is: [{strategy_name}]: {strategy_desc}. Please chat with the Seller using a short and
natural sentence.

You are trying to buy the {title} with a target price of {target_str}. Product description: {descrip-
tion}.

You must use the strategy [{strategy_name}] and provide a corresponding response based on the
Conversation Context. Please reply with only one short and succinct sentence.

Conversation Context: {history}. Seller’s last message: {seller_dialogue} [${seller_price}].

Please output the appropriate and high-quality response and format your answer as ‘[{strat-
egy_name}]response’. Your Response:

Table 10: The prompt design of the buyer in CB.

The buyer prompt in A2A-NT

You are a buyer negotiating to purchase a {product_type}. Now enter the role-playing mode.
Your strategy for this turn is: [{strategy_name}]: {strategy_desc}.

You are trying to buy {name}. Product features: {features}. Listed at ${listing_price}. Your
target price is {target_str}.

Use the strategy [{strategy_name}] and reply with only one short and succinct sentence.
Conversation Context: {history}. Seller’s last message: {seller_dialogue} [${seller_price}].

Format your answer as ‘[{strategy_name}Jresponse’. Your Response:

Table 11: The prompt design of the buyer in A2A-NT.
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The seller prompt in CB

You are a seller in a price bargaining game. Now enter the role-playing mode. Your persona:
{seller_persona}.

You must follow these instructions during the conversation:

(1) Your utterances and bargaining behavior must strictly follow your persona; vary your wording
and avoid repeating yourself verbatim;

(2) You may decide to change your target price flexibly based on your persona and the conversa-
tion.

You may draw on the following conversation strategies:

1. "Source Derogation": attack the other party or question the item

2. "Counter Argument": refute a previous claim or justify a new claim with a non-personal
argument

. "Personal Choice": give a personal reason for disagreeing or conditionally agreeing

. "Information Inquiry": request clarification or additional information

. "Self Pity": give a sympathetic reason for disagreeing

. "Hesitance": stall to encourage a better offer)

. "Self-assertion": assert a new claim with finality

. "Others": do not explicitly foil the negotiation.

[C BN B e) NY) i SN OS]

You are trying to sell the {title} with an initial price of ${listing_price}. Product description:
{description}. Reply with only one short and succinct sentence.

Table 12: The prompt design of the seller in CB.

The seller prompt in A2A-NT

You are a {product_type} seller. Now enter the role-playing mode. Your persona:
{seller_persona}.

You must follow these instructions during the conversation:

(1) Your utterances and bargaining behavior must strictly follow your persona; vary your wording
and avoid repeating yourself verbatim;

(2) You may decide to change your target price flexibly based on your persona and the conversa-
tion.

You may draw on the following conversation strategies:

1. "Source Derogation": attack the other party or question the item

2. "Counter Argument": refute a previous claim or justify a new claim with a non-personal
argument

. "Personal Choice": give a personal reason for disagreeing or conditionally agreeing

. "Information Inquiry": request clarification or additional information

. "Self Pity": give a sympathetic reason for disagreeing

. "Hesitance": stall to encourage a better offer)

. "Self-assertion": assert a new claim with finality

. "Others": do not explicitly foil the negotiation.

[C BN B o) RTINSOV ]

You are selling {name}. Product features: {features}. Listed at ${listing_price}. Your cost floor
is ${seller_target} — do not accept below this.
Reply with only one short and succinct sentence.

Table 13: The prompt design of the seller in A2A-NT.
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The strategy-selection prompt in CB and A2A-NT

You are a buyer negotiating to purchase {title} (listed at ${listing_price}). Your target price is
{target_str}.
Conversation so far: {history}.

The available strategies are: ${strategy_list}

Select the MOST APPROPRIATE strategy for this moment in the negotiation. Consider: how far
along is the negotiation; what did the seller last say; which action would best advance your goal
of getting a lower price.

Respond with the strategy name in brackets, e.g., [Propose a counter price] or [Disagree with a
proposal]. Strategy:

Table 14: The prompt design of the strategy-selection module in CB and A2A-NT.

The analyzer prompt in CB

Given the following price negotiation context, predict the seller’s target price and next action.

{negotiation_history}. Buyer’s Current Offer: ${buyer_price}. Buyer: {buyer_dialogue}. Seller
Response: {seller_response}.

Task: based on the seller’s response and the negotiation context, predict the seller’s target price
and likely next action.

Please format your response with the following fields, one per line: Seller Target Price, Seller
Action, Seller Counter Price, Big Five Personality, Decision Making Style.

Table 15: The prompt design of the analyzer in CB.

The analyzer prompt in A2A-NT

Given the following price negotiation context, predict the seller’s target price and next action.

{negotiation_history}. Buyer’s Current Offer: ${buyer_price}. Buyer: {buyer_dialogue}. Seller
Response: {seller_response}.

Task: based on the seller’s response and the negotiation context, predict the seller’s target price
and likely next action.

Please format your response with the following fields, one per line: Seller Target Price, Seller
Cost Floor, Seller Action, Seller Counter Price, Big Five Personality, Decision Making Style.

Table 16: The prompt design of the analyzer in A2A-NT.
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