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Abstract

Accurately modeling opponent behaviors and integrating
strategy are key challenges for multi-issue automated nego-
tiation. Existing approaches often isolate preference learn-
ing or trend prediction and lack a unified cognitive struc-
ture with coordinated reasoning. This paper proposes a BDI
(Belief-Desire-Intention)-based opponent modeling and strat-
egy generation framework. The framework analyzes oppo-
nent responses (Belief), predicts preference weights and the
utility function (Desire), and infers utilities of future offers
(Intention). Building on this, we design a responsive strat-
egy, enabling gradual concessions and balanced outcomes.
Our main contributions are: D-MBUE in the Desire module,
I-DABI in the Intention module, and the BDI Negotiator on
top of the modeling modules. Experiments on 45 standard
negotiation domains and against 12 representative opponents
demonstrate the effectiveness of our BDI framework.

Code — https://github.com/13jqq/
Supplementary for BDI Negotiation.git

Introduction
Automated negotiation is a key approach for resource coor-
dination and conflict resolution in multi-agent systems (Al-
shabi et al. 2007; Kraus 1997), aiming to reach mutually
acceptable agreements through interaction under conflict-
ing interests, and negotiation capabilities are becoming crit-
ical across domains. Negotiation often occurs under signif-
icant information asymmetry (Memon, Scoccia, and Au-
tili 2025), so modeling the opponent’s behavior and us-
ing it to guide offer generation and response are central
challenges (Baarslag et al. 2016). However, most existing
methods focus on isolated opponent-modeling tasks and
do not integrate predictions into strategy generation, which
weakens an agent’s adaptability. We introduce a BDI-based
opponent-modeling framework, Belief for state and behav-
ior inference from offers, Desire for the opponent’s utility
function, and Intention for the next-offer direction, and a
plug-and-play, behavior-aware negotiation strategy that uses
these outputs to enhance performance. Through experiments
we demonstrate that this framework achieves strong predic-
tive accuracy and enhances negotiation outcomes.
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Figure 1: BDI-Based opponent modeling framework and
BDI-Driven Progressive Negotiation Strategy

BDI-Based Opponent Modeling and Strategy
In multi-issue bilateral negotiation, two agents bargain over
discrete issues I = {I1, I2, . . . , In} with option sets Vi.
Each agent’s utility function has a linear additive form:
U(ω) =

∑n
i=1 w

i · ei(ωi), where wi is the weight of issue i
and ei(·) maps options to evaluations. Negotiation follows
the Alternating Offers Protocol (AOP) (Rubinstein 1982)
under no prior information about the opponent.

We build a BDI-based opponent-modeling framework:
Belief interprets negotiation history and both sides’ offer
trajectories; Desire (D-MBUE) predicts the opponent’s util-
ity function; Intention (I-DABI) estimates next-offer utility
trends under dual perspectives; Strategy generates progres-
sive, structurally decoupled, opponent-adaptive, concession-
aware offers (see Figure 1).

Belief: Opponent Behavioral Trajectory Analysis
The Belief component captures the opponent’s state un-
derstanding formed from the negotiation scenario and both
sides’ historical offers. Under information asymmetry, we
use two perspectives: self (based on the agent’s known util-
ity function Uself) and opponent (based on the predicted
utility function Ûopp obtained from the Desire module),
and, in each, build utility and first-difference sequences
V self
t , ∆V self

t and V opp
t , ∆V opp

t to describe offer evolution.
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Desire: Opponent Utility Function Estimation
The Desire module aims to predict the opponent’s utility
function Ûopp(o) =

∑n
i=1 w

i
opp · viopp(oi), where wi

opp de-
notes the opponent’s weight for issue i, and viopp(oi) repre-
sents the opponent’s evaluation of option oi on that issue.
We propose D-MBUE, a Bayesian utility function predic-
tion method that constructs likelihood functions using multi-
ple behavioral consistency assumptions and dynamically up-
dates the posterior for real-time estimation. D-MBUE uses
three behavioral-consistency likelihoods, concession mono-
tonicity, early focus on high-utility regions, and similarity-
based counteroffer improvement, and combines them with
the prior to form a posterior weight pt ∝ L1 · L2 · L3 ·P (θ),
which drives the update of the utility components and yields
the predicted opponent utility function Ûopp(o).

Intention: Opponent Next-Offer Utility Prediction
The Intention component models the opponent’s potential
offer utility for the next round, based on the joint bidding
history and the previously predicted utility function. We pro-
pose I-DABI, a Bayesian predictor under dual perspectives
(self utility and predicted opponent utility).

First, extract temporal features under Uself and Ûopp,
and fit a Bayesian regressor to obtain predictive samples,

yielding two sets
{
û

self,(i)
t+1

}n

i=1
and

{
û

opp,(j)
t+1

}n

j=1
. Sec-

ond, apply Dynamic Anchor Bayesian Regression (DABR),
model utility with Bayesian linear regression yt =
β⊤Xt + ϵ and fuse predictions with dynamic anchors
ak = mean(y(k)), producing anchored predictive sam-
ples that stabilize trends. Third, cross-map the predic-
tive samples to O under Uself and Ûopp with tolerance

ϵ: Oself =
{
o ∈ O : |Uself(o)− û

self,(i)
t+1 | < ϵ

}
, Oopp ={

o ∈ O : |Ûopp(o)− û
opp,(j)
t+1 | < ϵ

}
, take the intersection

Ofinal = Oself ∩ Oopp and average utilities.

BDI-Driven Progressive Negotiation Strategy
We propose a BDI-driven progressive negotiation strategy
that is structurally decoupled and concession-aware. It lever-
ages the Desire module (Ûopp) and the Intention module
(ûself

t+1) to guide offer generation and acceptance, while re-
maining plug-and-play with utility modeling modules.

For offer generation, we first produce a trend-aware con-
cession offer oconcede (triggered by decreasing opponent util-
ity under Uself or Ûopp). We then construct the per-round
candidate pool from three factors: previously proposed of-
fers that meet the current threshold τt; the concession offer
oconcede; and the predicted next offer oopp,pred

t+1 from the Inten-
tion module if it also meets τt. A cooperative trade-off ex-
pands the pool with near-τt offers that achieve higher utility
under Ûopp, yielding Ofinal

t . From this pool we sample offers
according to P (o) ∝ max

(
ε, Ûopp(o)

)
. For acceptance,

the opponent’s current offer is accepted if it lies in Ofinal
t−1 and

exceeds the threshold or reservation value.

Model RMSE (Opp) MAPE (Opp) RMSE (Self) MAPE (Self)

BDI 0.1336 0.1151% 0.1013 0.2187%
Concession 0.2042 0.2015% 0.1278 0.3061%
Monotonic 0.2028 0.2034% 0.1194 0.2715%
Stepwise 0.1647 0.1469% 0.1086 0.2678%

Table 1: Opponent Offer Utility Prediction Performance

Agent UFun mean UFun sem ci upper ci lower

BDI-Negotiator 0.7530 0.0163 0.7851 0.7203
Atlas3 0.6275 0.0141 0.6557 0.5996
Boulware 0.5737 0.0135 0.6002 0.5475
CUHKAgent 0.5188 0.0127 0.5437 0.4939
TheFawkes 0.5120 0.0173 0.5453 0.4784
MetaAgent2013 0.5117 0.0164 0.5433 0.4797
Conceder 0.4867 0.0107 0.5078 0.4660
TMFAgent 0.4407 0.0128 0.4662 0.4156
NaiveTitForTat 0.4119 0.0199 0.4501 0.3730
RandomDance 0.3609 0.0144 0.3883 0.3333
ParsAgent 0.3353 0.0262 0.3862 0.2844
PonPokoAgent 0.2712 0.0258 0.3232 0.2207
MiCRO 0.2371 0.0248 0.2859 0.1886

Table 2: Average self-utility against 12 opponents

Experimental Setup and Evaluation Metrics
We construct an experiment covering 45 multi-issue do-
mains and run 2700 bilateral sessions; five agents (each with
a different opponent-modeling technique but identical bid-
ding/acceptance logic) negotiate against 12 state-of-the-art
opponents in every domain, with 500 steps per session. We
evaluate (i) opponent-modeling effectiveness, by predict-
ing the utility of the opponent’s next offer per round using
RMSE and MAPE under both utility functions, (ii) negoti-
ation performance, measured by average self-utility across
all domains and opponents. As reported in Table 1, the BDI-
based opponent modeling achieves the best scores across all
four metrics, with RMSE/MAPE of 0.1336/0.1151% from
the opponent’s perspective and 0.1013/0.2187% from the
self perspective. For negotiation performance, Table 2 shows
that BDI-Negotiator attains the highest average self-utility
(0.7530). These results validate the effectiveness of our in-
tegrated framework in terms of both prediction accuracy and
negotiation performance.

Conclusion
This paper addresses the challenges where the opponent’s
utility function is unobservable and strategic behaviors are
highly dynamic. We propose a BDI-based framework for
opponent modeling and strategy generation. By introducing
the BDI structure into negotiation scenarios, we construct
a closed-loop opponent modeling framework that forms a
cognitive chain from offer analysis to preference and utility
function estimation, and further to offer trend prediction.
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