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ABSTRACT
Background: Developing effective autonomous negotiating agents
that adapt to diverse scenarios and opponents remains a critical
challenge for real-world applications. Most existing RL-based ap-
proaches fail to balance generalizability across scenarios with effec-
tive utilization of utility function structure.
Objectives and Research Questions: This work addresses how
to design a codec (observation encoder and action decoder) that
generalizes across negotiation scenarios while maintaining the most
important information about outcome-space and utility function
structure. We also investigate how to create a unified framework for
representing and comparing different RL-based automated negotia-
tion approaches.
Methods: We propose a vector utility-dependent outcome projection
codec that projects outcomes onto multidimensional value function
spaces. We develop a general framework representing negotiation
problems as POMDPs and implement it using NegMAS and Gym.
We evaluate the approach using Soft-Actor-Critic across multiple
problem complexities.
Results: The proposed method outperforms state-of-the-art RL and
heuristic methods in challenging scenarios with varying utility func-
tions, outcome spaces, and opponents. It achieves statistically sig-
nificant improvements in advantage, welfare, and fairness while
maintaining competitive performance on simpler single-scenario
problems.
Conclusions: The proposed codec successfully balances general-
izability and information utilization without requiring feature engi-
neering or constraining neural architectures. The unified framework
enables systematic comparison of negotiation approaches and can
represent most existing methods as special cases.
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1 INTRODUCTION AND RELATED WORK
The increasing prevalence of AI and multiagent systems in industrial
and commercial operations has amplified the significance of coordi-
nating self-interested agents within competitive environments. This
has spurred considerable interest in automated negotiation as a key
agreement technology for orchestrating agent interactions in such set-
tings. A paradigmatic example of the use of automated negotiation in
real-world business applications is the generalized procurement task
in which a buyer and a seller negotiate over the price, quantity, item
properties, delivery dates and related terms of a contract [37].Other
applications of automated negotiation include permission manage-
ment in IoT systems, Wi-Fi channel assignment [17, 28], agriculture
supply chain support, supply chain management [33], vehicle rout-
ing [16], path planning [22], and providing feedback for student
negotiation skills [23] [36] including procurement, supply chain
management [33, 37], IoT permission management, and Wi-Fi chan-
nel assignment marsa2019nonlinear.

Automated negotiation has a rich research history, originating
with the Nash Bargaining Game [39]. Early investigations focused
on game-theoretic analyses [45], while recent research has shifted
towards developing effective negotiation strategies [6, 7, 9, 15, 25,
51] and novel protocols [26, 32].

The Alternating Offers Protocol (AOP) [45] is the most commonly
employed protocol for bilateral negotiations, while the Stacked Alter-
nating Offers Protocol (SAOP) [6] extends it to multilateral scenarios.
In SAOP, agents take turns offering complete agreement proposals;
each agent can accept, reject and counter-offer, or withdraw. The
process continues until agreement, withdrawal, or a predefined dead-
line is reached. Agents have utility functions mapping offers to
values and reservation values for disagreement. This paper focuses
on bilateral AOP (SAOP with two agents).

Initial efforts in strategy design centered on manually crafted
heuristics [9, 25, 38, 51], with machine learning used for opponent
modeling [8], parameter optimization [27], and algorithm configu-
ration [12]. Heuristic strategies remain prevalent in the Automated
Negotiating Agents Competition (ANAC) [4].

Reinforcement learning (RL) in negotiation was introduced a
decade ago [41]. More recently, RL has been applied to offering
strategies [2, 11], acceptance strategies [43], opponent modeling,
strategy switching [46], end-to-end negotiation [21, 48], and con-
current negotiations [1, 10, 30]. Offline RL has also been explored
[13, 14, 40].

Most existing RL methods employ two primary approaches for en-
coding negotiation history and decoding model actions (collectively
called a codec), each with its own weaknesses: (1) The Utility-
Projection Codec, where offers are represented by their utility for
the agent, and optionally the opponent’s utility if an opponent model



is available [2, 11, 43]. (2) The Raw-Outcome Codec, where of-
fers are embedded directly without reference to the utility func-
tion [21, 48].

The Utility-Projection codec enables negotiation across diverse
scenarios but sacrifices detailed offer information beyond utilities.
For instance, in a buyer-seller negotiation involving price, quantity,
and delivery date, if the seller consistently offers a specific delivery
date due to production constraints, a buyer using Utility-Projection
might not discern the significance of the delivery date and thus fail
to adjust its offers, potentially leading to suboptimal results.

Conversely, the Raw-Outcome codec avoids this limitation be-
cause it allows the agent to observe the outcomes themselves instead
of their utility function which provides more information (e.g., for
opponent modeling). Nevertheless, this codec lacks generality. An
agent trained on a specific trading scenario where the issues are quan-
tity and price, for example, cannot be directly applied to a different
scenario, such as employer-employee negotiations where the issues
are the salary, paid leave days, and health insurance. Furthermore,
even within the same domain, a change in utility functions can render
a trained agent completely ineffective because the same input (i.e.,
same outcome) now represents a different trade-off in terms of the
utility for itself and its opponent(s).

In summary, the Utility-Projection and Raw-Outcome codecs
represent two extremes: the former offers full generality but discards
valuable information, while the latter retains more information but
lacks generalizability. It is important to note that the codec defines
the problem being solved and is not learnable by the agent itself,
and thus it is a design choice that can significantly affect the agent’s
practical value. Therefore, the choice of codec cannot be learned
directly by the model.

A different approach was proposed by Renting et al. 2024 [44],
who used a policy model based on Graph Neural Networks to deal
with the changing dimensions of both the observation and action
spaces. This allowed the system to adapt to different utility functions
and outcome spaces. Our proposal is simpler, architecture-agnostic,
and requires no feature engineering, while maintaining relevant
information for the negotiation strategy. Unlike [44], our approach
does not constrain the neural architecture and can work with any
standard RL algorithm.

Contribution. The main contribution of this work is the introduc-
tion and evaluation of a Codec for encoding negotiation history and
negotiator actions in the context of RL that avoids the pitfalls of
Utility-Projection and Raw-Outcome codecs without using hand-
coded features, constraining the neural architecture, or being only
applicable to linear aggregation utility functions. As a secondary
contribution, we introduce a general framework for representing RL
for AN problems and a full modular implementation, which can rep-
resent most existing SOTA methods as well as a large variety of new
approaches (NegMAS-RL). Our implementation builds upon the
NegMAS [34] library for automated negotiation and Gym/Petting
Zoo [49, 50] for RL/MARL. Finally, we utilize the proposed frame-
work to evaluate the proposed codec against SOTA codecs and show
improvements in agent advantage, welfare, and fairness for the most
difficult RL for AN instances.

2 AUTOMATED NEGOTIATION (AN)
Formally, a negotiation scenario 𝜆 is defined as a tuple (A,D)
where A is the set of agents (also called negotiators) numbered
from 1 to 𝑛, and D is the negotiation domain. The negotiation
domain D ≡ (Ω,U) is pair: (1) The outcome space (Ω of size𝑚)
comprising all possible agreements. A special outcome 𝜙 ∉ Ω is
always assumed to exist to represent disagreement and we define the
extended outcome space Ω+ as the Ω

⋃ {𝜙}. (2)U is a tuple of agent
utility functions. Each agent utility function𝑢𝑖 is a mapping from Ω+

to the range [0, 1]. The utility of disagreement (𝑢𝑖 (𝜙) is called the
reservation value. Time-pressure can be modeled by a discounting
factor as in [45] or by a limit on the number of rounds/seconds
allowed for the negotiation [6]. We assume that agents know their
own utility functions but not their opponents’ utility functions.

The negotiation protocol P defines the actions available to the
agents, when they can execute these actions, timeout conditions,
and termination conditions. While applicable to a much wider set
of negotiation protocols (i.e., all Generalized Bargaining Protocols
defined in [32]) including multilateral protocols this paper focuses
on the bilateral Alternating Offers Protocol (AOP) [6] described
earlier to simplify the exposition.

A negotiation strategy 𝜋𝑖
(
T 𝑡 ;𝑛, 𝑖,Ω, 𝑢𝑖

)
maps the negotiation

history T 𝑡 to actions, where T 𝑡 =
(
𝐴0, 𝐴1, . . . , 𝐴𝑡−1−𝑖

)
, and 𝐴𝑘 rep-

resents all the actions from all agents on time step 𝑘. For AOP,
T 𝑡 =

(
𝜔0 (0), 𝜔1 (2), . . . 𝜔𝑘 (mod 2) (𝑘), . . . , 𝜔 (𝑡−1) (mod 2) (𝑡 − 1)

)
where
𝜔𝑘 (mod 2) (𝑘) ∈ Ω+ ∪ {𝛼} with 𝛼 representing agreement, 𝜙 repre-
senting leaving the negotiation. Actions of agents are sampled from
the output of their strategies: 𝜔𝑘 (mod 2) (𝑘) ∼ 𝜋𝑘 (mod 2) (T𝑘 ).

Given a scenario 𝜆, protocol P and strategy profile 𝜋 , executing
the negotiation yields the negotiation outcome 𝜔∗ ∈ Ω+, denoted
P(𝜆, 𝜋) = 𝜔∗. Each agent receives utility 𝑢𝑖 (𝜔∗), and the advantage
is defined as 𝑢𝑖 (𝜔∗) − 𝑢𝑖 (𝜙). We use 𝑖 ≈ 𝜋 to denote that agent 𝑖
(assigned utility function 𝑢𝑖 ) uses strategy 𝜋 .

So far, we did not assume any structure for the outcome space
or the utility function. The outcome space Ω is usually defined as
the Cartesian product of a set of 𝑛𝐼 sets Ω 𝑗 called “issues” (i.e.,
Ω = Ω1 × Ω2 · · · × Ω𝑛𝐼 ). For example, a trade negotiation can have
three issues: price, quantity, and delivery date. The most widely used
utility function structure for multi-issue negotiation is the Linear
Aggregation utility function (LA) defined as:

𝑢 (𝜔) =
𝑛𝐼∑︁
𝑗=1

𝛼 𝑗 × 𝜈 𝑗 (𝜔 𝑗 ), (1)

where 0 ≤ 𝛼 𝑗 ≤ 1,
∑𝑛𝐼
𝑗=1 𝛼 𝑗 = 1, 𝜈 𝑗 : Ω 𝑗 → [0, 1] is the value

function for issue 𝑗 , and 𝜔 𝑗 ∈ Ω 𝑗 is the value of issue 𝑗 in 𝜔 .
In this paper, we assume a generalization of this structure called

“Generalized Linear Aggregation” utility functions (GLA) that has
the form:

𝑢 (𝜔) =
𝐾∑︁
𝑘=1

𝛼𝑘 × 𝜈𝑘 (𝜔𝑔𝑘 ), (2)

where 0 ≤ 𝛼𝑘 ≤ 1,
∑𝐾
𝑘=1 𝛼𝑘 = 1, 𝑔𝑘 is a subset of the issues called

an issue-group, Ω𝑔𝑘 is the Cartesian product of the issues in the
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Figure 1: Learning to Negotiate Problem.
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Figure 2: Proposed PANSession Generation Process (PGP).

issue-group, 𝜈𝑘 : Ω𝑔𝑘 → [0, 1] is the value function for issue-group
𝑘, 𝐾 is the number of issue-groups, and 𝜔𝑔𝑘 are the values of the
issues belonging to the issue-group 𝑔𝑘 in𝜔 . For example, a car buyer
may have issue-groups for “general condition” (mileage, accidents,
paint) and “safety” (airbags, year, ABS), with some issues shared
across groups.

2.1 The “RL for AN” Problem
To use RL/MARL for automated negotiation, we divide the agents
during any negotiation into learner A and background B agents
with only the former being trained using RL/MARL. Background
agents can use pretrained models and change their behavior based
on what happens during the negotiation but are considered as part of
the environment for the RL/MARL algorithm.

An 𝑀-learner Partially Assigned Negotiation Session (PANSes-
sion) S =(P, 𝜆,𝑀 , 𝜋𝐵 , I) defines a ready-to-run negotiation session
consisting of a protocol and a negotiation scenario 𝜆 with𝑀 learners
assigned to 𝑀 out of the 𝑛 agents and 𝑛 −𝑀 background strategies
𝜋𝐵 assigned to the remaining agents. A PANSession Distribution D
is a probability distribution over a set of PANSessions.

The RL for AN Problem (Fig. 1) is defined as: Given two PANSes-
sion distributions called the training D𝑡𝑟𝑛 and testing D𝑡𝑠𝑡 distri-
butions, train an agent on samples from D𝑡𝑟𝑛 using RL to maximize
its expected advantage on D𝑡𝑠𝑡 .

3 THE PROPOSED RL FOR AN FRAMEWORK
One of the challenges motivating this paper was the need to define a
general framework for representing different approaches to RL in
automated negotiation. Until now, most RL approaches to automated
negotiation have been developed independently with no common
framework for representing the problem, making it difficult to com-
pare and combine existing solutions. This section describes such
a framework which consists of the following components mirror-
ing the structure of the “RL for AN” problem defined above: (1)
PANSession generation process which is responsible for modeling
the training and testing distributions of negotiation sessions. (2)
Modular components for representing the environment, state, ac-
tion and reward functions. (3) A unified process for training, testing
and deployment of RL agents based on the aforementioned compo-
nents and generation process. The following sections describe these
three components in turn. This framework is proposed both as a
theoretical tool for characterizing RL for AN problems as well as
an open-source library for developing solutions to these problems
capable of representing most RL for AN methods available in the
literature.

3.1 PANSession Generation Process
The goal of the PANSession Generation Process (PGP) is to sample
Partially Assigned Negotiation Sessions from a PANSession distri-
bution D. We model D ≡ 𝑃 (P)𝑃 (Λ|P)𝑃 (B|P, 𝜆)𝑃 (I|P, 𝜆, 𝑏) as
the product of four distributions: a distribution over protocols 𝑃 (P),
a distribution over scenarios conditioned on the sampled protocol
𝑃 (Λ|P), a distribution over background agent strategies conditioned
on both the protocol and scenario sampled 𝑃 (B|P, 𝜆), and a distri-
bution over learner and background agent assignment 𝑃 (I|P, 𝜆, 𝑏).

Fig. 2 details the process of generating a Partially Assigned Ne-
gotiation Session: (1) Firstly, the protocol is generated including any
parameters such as time limits. (2) A scenario is sampled from the
set of target negotiation scenarios. (3) 𝑛 −𝑀 background agents are
generated. (4)𝑀 placeholders are assigned to the learner agents each
connecting a learner’s policy to its negotiating agent. Background
strategies are assigned to the remaining 𝑛 −𝑀 agents. This process
leads to a ready-to-run negotiation session to be used for training or
testing the learners.

3.2 Components
An RL for AN problem is represented by a NegoEnv/NegoMultiEnv
environment which runs the PGP described above to sample PANS-
essions as needed for training and testing the learner/learners respec-
tively. The top of Fig. 3 shows this process.

A PANSession generated through the PGP represents the initial
state distribution and the state transition model (environment) for
the learner RL policy. To simplify the exposition we will assume a
single learner agent in this section, extension to multiple agents is
straightforward and supported by the proposed framework through
NegoMultiEnv.

To define an RL problem, we need to define POMDP compo-
nents (state space, transition model, action space, observation model,
reward function). For RL for AN, this is challenging: (1) The pro-
tocol, background agent utilities and strategies all contribute to
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environment dynamics; (2) Markovian states must represent the en-
tire (arbitrarily long) history, and the representation depends on the
outcome space; (3) action and state spaces are episode-dependent
as they vary with outcome spaces. These issues make all aspects
episode-dependent except in the simplest case of training and test-
ing in a single scenario with a fixed opponent. Additionally, the
natural reward (utility at agreement) is sparse, delayed, and episode-
dependent.

An RL for AN training problem is represented by the tuple
(D𝑡𝑟𝑛, C ≡ (OE,AD),RF ) which maps to a finite-horizon POMDP
(S𝑚 , A𝑚 , O𝑚 , T𝑚 , R𝑚) where D𝑡𝑟𝑛 is the training PANSession
distribution, C is the codec consisting of an observation encoder OE
and an action decoder AD, and RF is the reward function. For the
resulting POMDP, S𝑚 is the state space, A𝑚 is the action space
defined by AD, O𝑚 is the observation space defined by OE, T𝑚 is
the transition model defined by the PGP, the negotiation protocol
and the background agents, and R𝑚 is the reward model defined by
RF . The goal of training is to find a policy 𝜋 : O𝑚 → 𝑝 [A𝑚] that
maximizes the expected cumulative reward over episodes sampled
from D𝑡𝑟𝑛 , where 𝑝 [𝑋 ] is a probability distribution over 𝑋 . Testing
is done similarly using a testing distribution D𝑡𝑠𝑡 .

The Observation Encoder OE presents the state of the nego-
tiation (and any external contextual state) to the learner’s policy
defining the state-space. The most widely used approach is to use
a moving window of some predefined length 𝐿 over opponent of-
fers and then apply utility projection (U) either to discrete bins
(Ud) or a continuous real range (Uc) to each outcome creating an
𝐿-dimensional vector (i.e., S𝑚 = [0, 1]𝐿). Bakker et al. 2019 [11]
used the difference from the last offered utility instead of an absolute
utility value (Udr). These approaches have the advantage of applica-
bility to any outcome space but, as discussed earlier, are incapable
of utilizing the internal structure of the outcome space or utility
function. Using raw outcomes is also common either using one-hot
encoding over all outcomes (Od) [48] (i.e., S𝑚 = {0, 1} |Ω |×𝐿) or by
encoding every issue independently in a continuous or discrete space

with one-hot encoding being the most widely used (Oid/Oic) [21]
(i.e.,S𝑚 =

∏ {0, 1}|Ω 𝑗 |×𝐿 where Ω 𝑗 is the domain of issue 𝐽 ). These
approaches suffer from being applicable only to a single scenario
(i.e., 𝑃 (Λ) = 𝛿 [𝜆 = 𝜆] for some specific scenario 𝜆). Any change in
the outcome space or utility functions will require retraining [47].

The Action DecoderAD converts the output of the learner’s pol-
icy into a valid negotiation action defining the action-space. By using
an appropriate action decoder, it is possible to model offering poli-
cies [46], end-to-end approaches [21, 47]), acceptance policies [43],
and strategies utilizing an external opponent model [11]. Systems
learning only an acceptance strategy will have a binary or single-
dimensional continuous action space (A) leading to A𝑚 = {0, 1}.
Systems learning an offering policy will have the same options as the
observation encoder with the same kinds of limitations and advan-
tages (with 𝐿 = 1). End-to-end systems usually combine these two
action spaces through concatenation leading to a Cartesian product
of the action spaces. The action decoder is usually the inverse of the
observation encoder (i.e., both use or both do not use utility projec-
tion) but the proposed framework makes it possible to combine any
observation encoder with any action decoder to create a new codec.

The Reward Function RF defines the reward received by the
learner’s policy after each transition of the environment (i.e., every
step of the negotiation protocol execution). The intrinsic reward
of the RL for AN problem is the advantage received at the end of
the negotiation which can range between -1 and 1. Nevertheless,
it is common practice to use some form of reward shaping (e.g. a
negative reward for disagreement [10, 43] or normalization of the
utility by opponent’s utility [2]).

Framing the RL for AN problem in this proposed framework im-
mediately suggests new codecs by combining different observation
encoders and action decoders, and using offers from the agent itself,
not only the opponents, in the observation.

3.3 Modeling SOTA RL methods in the proposed
framework

The proposed framework can represent a wide variety of negotiation
problems as well as RL solutions to them. Table 1 describes how
to define several of the state of the art RL methods in terms of the
observation and action encoders, and reward shaping as well as the
ability to utilize information about the internal structure of the utility
function. The paper defines the different options for the observation
and action encoders shown in the table.

3.4 Training/Testing and Deployment Process
Fig. 3 shows the unified training process, which is agnostic to policy
representation and training algorithms, enabling it to model almost
all existing RL for AN systems. During training, NegoEnv samples
a PANSession using the PGP (Section 3.1) and runs the negotia-
tion protocol. At each step, the observation encoder represents the
state, the reward function generates rewards, and the action decoder
converts policy outputs to valid negotiation actions (counter-offer,
acceptance, or withdrawal). This process repeats until the negotiation
completes and the negotiation outcome is known. Testing uses the
trained model without rewards; the observation encoder and action



Table 1: Modeling existing RL for AN methods in terms of the proposed framework. “Reward Shaping“ is + if reward shaping is used.
“Can Generalize” is + if the scenarios used for training and testing can differ and “Uses OS Structure” is + if the agent can utilize the
internal outcome-space and utility function structure.

Method Observation Action Reward Can Uses OS No Feature
Encoder Decoder Shaping Generalize Structure Engineering

Razeghi et al. 2020 [43]𝑎𝑀 Ud A + + - +
Matsuo and Fujita 2024 [29]𝑎 Uc A + - +
Bakker et al. 2019 [11]𝑜𝑀 Udr Udr + - +
Sengupta et al. 2021 [46]𝑜 Uc Uc + - +
Bagga et al. 2021 [10]𝑒† Uc Uc + + - +
Sengupta et al. 2022 [47]𝑒 Uc Uc + - +
Arslan and Aydoğan 2022 [2]𝑒 Uc Uc + + - +
Miyajima and Fujita 2024 [30]𝑜† Uc Uc + + - +
Chen et al. 2024 [14]𝑒‡ Ic Ic - + +
Arakawa and Fujita 2023 [1]𝑒† Id Id + - + +
Chen et al. 2023 [13]𝑒‡ Ic Ic - + +
Higa et al. 2023 [21]𝑒 Id Id - + +
Takahashi et al. 2022 [48]𝑜 Od Od - + +
Renting et al. 2024 [44]𝑒 Gd Gd + + -
VUDO (Proposed) VUDO VUDO ± + + +
𝑒 End-to-End ‡ Offline RL † Concurrent
𝑜 Offering 𝑎 Accepting 𝑀 Requires an Opponent Model
Gd: Graph-discrete (using Graph Neural Networks)

decoder are included with the model for deployment. A full imple-
mentation based on NegMAS [35] is provided as an open-source
library; all experiments in this paper use this framework.

4 THE PROPOSED CODEC: VUDO
As discussed earlier almost all existing approaches (with a single
exception [44]) use either utility projection with its low information
utilization or the Raw-Outcome Codec with its low generalizability.
Two problems face the Raw-Outcome Codec: (1) different negoti-
ation scenarios will have different action and state space sizes and
dimensions which is incompatible with traditional neural architec-
tures. This is what [44] solves using a Graph Neural Network (GNN)
that utilizes hand-crafted features to unify the representation size of
observations and actions. (2) the meaning of an offer from the oppo-
nent can change completely if the utility function of the opponent
(or their model of the agent’s own utility function) changes even
without any change in the state and action spaces.

We start by noticing that the agent’s objective is always to max-
imize its expected advantage. This suggests that the raw-values of
outcomes are of no consequence except in how they relate to the
utility functions of the two agents. Consider the special case when
every outcome of a GLA (Eq. 2) has a unique combination of values
for all agents of a negotiation. Under this condition, knowing this
combination of values (and the corresponding weights) captures all
information about this outcome as the outcome can be recovered
from these values (and the weights). Now assume that two outcomes
map to the same combination of values for all agents. Even though
it is not possible to recover the outcome by knowing this combina-
tion of values, the two outcomes must, by definition, have the same

utility for all agents and are in the same relative rank in every utility
function with the same relationship (in terms of utility) to all other
outcomes. The main principle behind the work reported in this paper
is that for the sake of negotiation performance, these two outcomes
are equivalent and the difference between them is not important for
the negotiating agent. This is not advanced as a provable theoretical
claim but as a design principle.

Based on this design principle, we propose projecting outcomes
onto the multidimensional space defined by the value functions of
a GLA utility function. Computationally, this amounts to a vector
embedding of outcomes in a utility dependent space (Vector Utility-
Dependent Outcome projection, VUDO).

Algorithm 1 shows this process for the observation encoder for
a target dimensionality of 𝑑. Line 2 shows the basic projection
step. Note that instead of projecting the outcome 𝜔 into 2 × 𝐾
weight and value dimensions (𝛼𝑘 , 𝜈𝑘 (𝜔𝑔𝑘 )), we project it into the
𝐾 weighted-value dimensions. In practice, we did not notice any
empirical difference between the two approaches in terms of the
quality of trained models. If the GLA has too few value functions, we
simply divide the one with highest weight recursively until we reach
the target dimensionality (Algorithm 1, lines 3-9). If the GLA has
too many value functions, we combine the ones with lowest weights
recursively until the target dimensionality is reached (Algorithm 1,
lines 9 to 17).

The action decoder needs to convert the VUDO projected vector
to an outcome from the outcome space. This is an inverse problem
which means it will be computationally more intensive than the
forward VUDO projection. In this paper, we use a simple approach.
First, we project the entire outcome space using Algorithm 1 and



Algorithm 1 VUDO Observation Projection for GLA Ufuns

1: function VUDOO(𝜔 ∈ Ω;𝑑,𝑔𝑘 , 𝛼𝑘 , 𝜈𝑘∀𝑘 ∈ [1, 𝐾])
2: 𝑥 ←

〈
𝛼𝑘𝜈𝑘 (𝜔𝑔𝑘 )∀1 ≤ 𝑘 ≤ 𝐾

〉
3: while 𝐾 < 𝑑 do
4: 𝑚 ← argmax1≤𝑘≤𝐾 𝛼𝑘
5: 𝑥𝑚 ← 𝛼𝑚𝜈𝑚 (𝜔𝑔𝑚 )/2
6: 𝑥𝐾+1 ← 𝑥𝑚

7: 𝛼𝑘 ←
〈{
𝛼𝑘 𝑘 ∉ {𝑚,𝐾 + 1}
𝛼𝑚/2 otherwise

〉
8: 𝐾 ← 𝐾 + 1
9: while 𝐾 > 𝑑 do

10: 𝑛1 ← argmin1≤𝑘≤𝐾 𝛼𝑘
11: 𝑛2 ← argmin1≤𝑘≤𝐾,𝑘≠𝑛1 𝛼𝑘
12: 𝑥𝑛1 ← 𝛼𝑛1𝜈𝑛1 (𝜔𝑔𝑛1 ) + 𝛼𝑛2𝜈𝑛2 (𝜔𝑔𝑛2 )
13: 𝑥 ← ⟨𝑥𝑘 , 𝑘 ∈ [1, 𝐾] ∧ 𝑘 ≠ 𝑛2⟩
14: 𝛼𝑛1 ← 𝛼𝑛1 + 𝛼𝑛2
15: 𝛼 ← ⟨𝛼𝑘 , 𝑘 ∈ [1, 𝐾] ∧ 𝑘 ≠ 𝑛2⟩
16: 𝐾 ← 𝐾 − 1
17: return 𝑥

cache the results. This projection is only performed once per scenario.
Then, to find an outcome for a given vector 𝑥 , we find the nearest
projected outcome in the cache using a predefined distance metric
𝐷 (., .). We use cosine similarity in all experiments in this paper.
While this approach does not scale well to very large outcome spaces,
any approximate method for projection inversion (e.g., approximate
nearest neighbor search) can be used instead.

5 EVALUATION
We conducted a series of experiments to evaluate the proposed
approach against SOTA negotiation strategies in situations with dif-
ferent complexity (i.e., different PANSession distribution widths)1.
To have a fair comparison, all methods were trained using Soft-
Actor-Critic (SAC) [19] which achieves best results in earlier stud-
ies [2, 21, 43, 46, 47] except Renting+ [44] for which we used PPO
because it is recommended by the authors. Stable-Baselines3’s SAC
implementation [42] was used for all experiments with default hyper-
parameters. We also evaluated Proximal Policy Optimization (PPO)
but achieved higher advantage using SAC for all algorithms except
Renting+. NegMAS [34] was used for all experiments and all ne-
gotiations were limited to 100 rounds. All methods encode relative
time (normalized to [0, 1]) as part of the observation. The proposed
framework was used to implement all RL agents except Renting+ for
which we used the official implementation [44]. We used a simple
MLP neural architecture for all architecture-independent methods.

We used the following SOTA RL agents as baselines:

RLBOA+ [11] Learns an offering strategy using the Utility-
Projection codec. It uses an opponent model for selecting
final offers (implemented in the action decoder). The original
algorithm used Q-learning but [21] showed that SAC achieves
better results on the same architecture. In this paper, we pro-
vide RLBOA with the exact utility function of the opponent

1The technical appendix provides full details of all datasets, experiments, hypothesis
testing results and more evaluation metrics.

making its performance an upper limit independent of the
opponent model used.

Sengupta [47] An End-to-End learner using utility projection.
VeNAS [48] Learns an offering strategy using the Raw-Outcome

codec.
MiPN [21] An End-to-End learner using raw outcomes.
Renting+ [44] An End-to-End learner using a GNN to encode

outcomes based on 9 predefined features. To avoid changes
in behavior that may be introduced due to reimplementation
using different library versions under NegMAS-RL, we used
the official implementation of this algorithm [44] which used
GeniusWeb [18] as the negotiation platform. For this model,
the training and testing opponent was always the Boulware
time-based negotiation strategy which concedes slowly over
negotiation time. This makes the reported performance an
upper bound.

We also tested two ablation variations of VUDO: VUDONoAct
uses VUDO only in for the observation encoder and VUDONoObs
uses it only for the action decoder.

5.1 Evaluation Metrics
The main evaluation criterion in this paper is the expected Advan-
tage on the test PANSessiondistribution (i.e. expected utility of
negotiation outcome subtracted from the reservation value), an agent
receives from employing a strategy 𝜋 [31].

Formally, Advantage is defined for a PANSession test distribution
D as:
𝐴𝜋 (D) ≡ EP,𝜆,𝜋−1,𝑖∼D|∃𝑖,𝑖≈𝜋 [𝑢𝑖 (P(𝜆, 𝜋)) − 𝑢𝑖 (𝜙)],
where P is the sampled protocol (Always Stacked Alternating Offers
in these experiments), 𝜆 is the sampled scenario in which agent 𝑖
uses strategy 𝜋 , 𝜋−1 are background agents and 𝑖 is the index of the
evaluated strategy in the sampled scenario (i.e. its utility function
index).

We also use the following additional evaluation metrics as recom-
mended by Mohammad 2023a [31]:

Welfare𝑊 is defined as the expected sum of the achieved value
for all agents relative to the maximum achievable sum:

𝑊𝜋 (D) = E
P,𝜆,𝜋−1,𝑖∼D|∃𝑖,𝑖≈𝜋

[∑
𝑘∈A 𝑢𝑘 (P(𝜆, 𝜋))/max

𝜔∈P
∑
𝑘∈A 𝑢𝑘 (𝜔)

]
,

where P is the Pareto Outcome Set of the negotiation scenario:

P =

{
𝜔 ∈ Ω : �𝜓 ∈ Ω s.t.

(∀𝑖 ∈ A, 𝑢𝑖 (𝜓 ) ≥ 𝑢𝑖 (𝜔)) ∧
(
∃𝑖′ ∈ A, 𝑢𝑖′ (𝜓 ) > 𝑢𝑖′ (𝜔)

) }
Pareto Optimality 𝑂 is defined as the expected value of one

minus the normalized distance of the negotiation outcomes to the
rational portion of the Pareto Outcome Set for negotiations leading
to agreement:
𝑂 = EP,𝜆,𝜋−1,𝑖∼D|∃𝑖,𝑖≈𝜋

[
1 −min

𝜔∈P⋃Ω 𝐷 (P(𝜆, 𝜋), 𝜔)
]
,

where Ω = {𝜔 ∈ Ω𝑠 .𝑡 .∃𝑖 ∈ A, 𝑢𝑖𝜔 ≥ 𝑢𝑖𝜙}
and 𝐷 (𝑎, 𝑏) ≡

√∑
𝑖∈A (𝑢𝑖 (𝑎)−𝑢𝑖 (𝑏 ) )2

max
𝜔∈Ω∧𝜓 ∈P⋃Ω

√∑
𝑖∈A (𝑢𝑖 (𝜔 )−𝑢𝑖 (𝜓 ) )2

.



Table 2: Results of the Generalized Procurement Task (Sec-
tion 5.2).

Method Advantage Welfare Fairness (Nash)

Atlas3 0.154 (0.279) 0.297 (0.375) 0.425 (0.284)
Hardheaded 0.176 (0.354) 0.240 (0.307) 0.340 (0.179)
AgentK 0.201 (0.380) 0.259 (0.299) 0.349 (0.178)
AgentGG 0.174 (0.348) 0.238 (0.298) 0.345 (0.174)

Sengupta 0.191 (0.328) 0.323 (0.379) 0.448 (0.292)
RLBOA+ 0.160 (0.306) 0.279 (0.349) 0.389 (0.251)
Renting+ 0.230 (0.253) 0.378 (0.277) 0.475 (0.214

VUDO 0.298 (0.272) 0.683 (0.329) 0.678 (0.239)
VUDONoAct 0.215 (0.319) 0.376 (0.407) 0.497 (0.325)
VUDONoObs 0.223 (0.342) 0.417 (0.393) 0.467 (0.254)

The reason we only consider the rational portion of the Pareto
Outcome Set is to penalize negotiations ending with Pareto efficient
irrational agreements.

Fairness 𝐹 is defined as the expected value of one minus the
normalized distance of the negotiation outcomes to any bargaining
solution:
𝐹 = EP,𝜆,𝜋−1,𝑖∼D|∃𝑖,𝑖≈𝜋

[
1 −min𝜔∈Ω𝑓 𝐷 (P(𝜆, 𝜋), 𝜙)

]
,

where Ω𝑓 are the set of bargaining solutions under the single-
negotiation and multiple-negotiations model (See the following
section for the rationale for this definition and the details of the
bargaining solutions set). We use the following two bargaining solu-
tions to measure fairness:

Nash Bargaining Solution Ω𝑛 the unique Nash Equilibrium [39]
for the Nash Bargaining Game that satisfies Perto-optimality,
symmetry, scale-invariance and independence of irrelevant
alternatives (IIA):

Ω𝑛 ≡ argmax
𝜔∈P

∏
𝑖∈A

𝑢𝑖 (𝜔) − 𝑢𝑖 (𝜙)

Kalai Bargaining Solution Ω𝑘 Defined by [24] as the unique
Nash Equilibrium when scale-invariance is dropped and IIA
and resource monotonicity axioms are kept:

Ω∗
𝑘
≡ argmax

𝜔∈P
min
𝑖∈A

𝑢𝑖 (𝜔) − 𝑢𝑖 (𝜙)

5.2 Generalized Procurement Task (Hard)
The base scenario is inspired by the procurement problem from
the Supply Chain Management League (SCML) [36, 37]. The ne-
gotiation simulates a seller and buyer with issues: price, quantity,
and optionally carbon-footprint. Utility functions were sampled ran-
domly with average opposition level 0.37 (measuring difficulty of
finding mutually beneficial agreements as normalized distance from
Pareto frontier to ideal point; 0=identical utilities, 1=zero-sum).

Training opponents: Atlas3 [38], CUHK [20], Boulware, Con-
ceder. Testing opponents: AgentK [25], Hardheaded [51], AgentGG [5],
Linear. This is the most challenging case: utility functions, issues,
reservation values, and opponents all vary between training and
testing. Raw-Outcome methods cannot be applied here because the

Table 3: Results on ANAC 2024 scenarios (Section 5.3).

Method Advantage Welfare Fairness (Nash)

Atlas3 0.163 (0.300) 0.222 (0.398) 0.522 (0.209)
AgentK 0.153 (0.350) 0.158 (0.362) 0.454 (0.140)
AgentGG 0.040 (0.196) 0.040 (0.196) 0.448 (0.133)
Hardheaded 0.040 (0.196) 0.040 (0.196) 0.448 (0.133)

RLBOA+ 0.077 (0.141) 0.212 (0.367) 0.504 (0.186)
Sengupta 0.117 (0.251) 0.887 (0.123) 0.529 (0.149)
Renting+ 0.018 (0.120) 0.451 (0.246) 0.635 (0.204)

VUDO 0.179 (0.323) 0.227 (0.406) 0.511 (0.196)
VUDONoAct 0.048 (0.111) 0.334 (0.429) 0.495 (0.155)
VUDONoObs 0.050 (0.016) 0.891 (0.123) 0.481 (0.113)

Table 4: Results on selected ANAC scenarios (Section 5.4).

Method Advantage Welfare Fairness (Nash)

AgentGG 0.800 (0.422) 0.699 (0.377) 0.605 (0.255)
AgentK 0.947 (0.049) 0.910 (0.080) 0.795 (0.141)
Atlas3 0.684 (0.130) 0.868 (0.091) 0.855 (0.077)
Hardheaded 0.800 (0.422) 0.699 (0.377) 0.605 (0.255)

VeNAS(c) 0.541 (0.372) 0.706 (0.457) 0.694 (0.327)
MiPN(c) 0.475 (0.132) 0.860 (0.070) 0.733 (0.080)

RLBOA+ 0.846 (0.346) 0.782 (0.333) 0.702 (0.234)
Sengupta 0.828 (0.304) 0.831 (0.255) 0.723 (0.216)
Renting+ 0.636 (0.385) 0.588 (0.356) 0.539 (0.231)

VUDO 0.915 (0.175) 0.867 (0.107) 0.727 (0.154)
VUDO-NoAct 0.856 (0.209) 0.876 (0.149) 0.751 (0.197)
VUDO-NoObs 0.824 (0.340) 0.863 (0.108) 0.707 (0.164)

outcome space changes between episodes. We trained for 400, 000
steps and tested on 50 negotiations.

Table 2 shows results. The proposed method achieves highest
advantage, welfare, and fairness among all methods (differences sta-
tistically significant via Wilcoxon test with Bonferroni correction).

Moreover, both ablation variants achieved lower advantage than
full VUDO (statistically significant, Wilcoxon 𝑝 < 0.05 with Bon-
ferroni correction), showing the codec benefits both observation
encoding and action decoding.

Model sizes were similar: Sengupta (341, 766), VUDO (354, 060,
+3.5%), Renting+ (467, 460). Training times: Sengupta (2h29m),
VUDO (2h31m, +1.5%), Renting+ (13h23m). VUDO was fastest at
negotiation (0.112 sec/round).

5.3 ANAC 2024 Scenarios (Hard)
We used 100 training and 50 testing scenarios from ANAC 2024 [3]
with the same opponents and parameters as Section 5.2. These sce-
narios represent real-world negotiation domains from the compe-
tition. Table 3 shows results. The proposed method outperformed
all others in advantage (statistically significant except vs. Sengupta
and AgentK), though not in welfare/fairness. The improvement over



Table 5: Results on Selected ANAC Scenarios with scenario generalization (Section 5.5).

Scenario AgentGG AgentK Atlas3 Hardheaded RLBOA+ Sengupta Renting+ VUDO

Advantage 0.720 (0.449) 0.959 (0.042) 0.668 (0.115) 0.720 (0.449) 0.776 (0.347) 0.726 (0.265) 0.478 (0.255) 0.893 (0.163)
Welfare 0.611 (0.390) 0.892 (0.074) 0.870 (0.100) 0.611 (0.390) 0.756 (0.322) 0.853 (0.088) 0.486 (0.348) 0.878 (0.101)
Nash 0.528 (0.246) 0.746 (0.123) 0.866 (0.082) 0.528 (0.246) 0.669 (0.210) 0.673 (0.143) 0.502 (0.192) 0.735 (0.142)

ablation variants confirms the codec is useful for both input and
output.

5.4 Single Scenario, Single Opponent (Easy)
For this experiment, we used the same scenario for training and
testing. Training and testing were conducted using the Boulware
time-based negotiation strategy. This is the simplest possible ne-
gotiation situation. We used 200,000 training steps and tested all
strategies using 30 negotiations on each scenario. This is the only ex-
periment in which we could apply Raw-Outcome methods because
the training and testing scenarios were the same.

We used 8 scenarios from the ANAC competition (Acquisition,
Laptop, Camera, Car, Itex vs. Cypress, Thompson, EnergySmallA,
Grocery) selected to have a wide variety of outcome space sizes (27
to 15, 625) and opposition levels (0.092 to 0.430)2.

Table 4 shows the results of this experiment. The proposed method
outperformed all other RL methods and SOTA heuristics except
AgentK in terms of advantage. AgentK achieved a slightly higher
average advantage on these scenarios but the difference was not
statistically significant according to a Wilcoxon signed-rank test.
Again variations of VUDO achieve lower scores which supports the
value of the proposed codec in both observation encoding and action
decoding.

5.5 Scenario Generalization (Medium)
In this experiment, we use the selected ANAC scenarios used in
the previous experiment (Section 5.4). This time, we train using 5
scenarios and test on the remaining 3. We used the same training and
testing opponents as in Section 5.2. This experiment is of medium
difficulty as the agent needs to learn to generalize over scenarios but
not over opponent strategies.

Table 5 shows the results of this experiment comparing the pro-
posed method with SOTA heuristics and SOTA RL methods. The
proposed method outperforms all comparison methods in terms of
advantage except AgentK. Table 6 shows the ablation study for
this scenario set. Again, the proposed method outperformed both
variations in all metrics except negotiation time suggesting that
the proposed codec is useful for both encoding observations and
decoding actions.

5.6 Limitations and Future Directions
Taken together, these results show that VUDO outperforms all other
RL methods in all experiments. Moreover, it achieves similar per-
formance to SOTA heuristic methods in simple situations where
training and testing are done on the same scenario against the same

2We employed all the scenarios used by the authors of VeNAS [48], MiPN [21], and
Sengupta [46] in their evaluations. See the technical appendix for details.

Table 6: Ablation study for Scenario Generalization (Sec-
tion 5.5).

Scenario VUDO VUDONoAct VUDONoObs

Advantage 0.893 (0.163) 0.841 (0.260) 0.780 (0.324)
Welfare 0.878 (0.101) 0.841 (0.199) 0.782 (0.308)
Nash 0.735 (0.142) 0.709 (0.182) 0.698 (0.218)

opponent, while generalizing better to harder situations with varying
utility functions, outcome spaces, reservation values, and opponent
strategies. Comparing VUDO to its ablation variants shows that
both observation encoding and action decoding contribute to this
performance gain. The approach extends to opponent modeling [8]
and supervised learning [40].

The main limitation is the assumption of GLA utility functions
(Eq. 2). In real-world scenarios, the utility function may only be
available as a black-box with no ability to define clear value functions
of issue-groups. In such cases, VUDO reduces to Utility-Projection.
An auto-encoder could learn vectorized utility representations, which
would also address scalability concerns from the nearest-neighbour
search in action decoding. While data structures like k-d trees and
locality-sensitive hashing can ameliorate the scalability problem, the
auto-encoder approach provides a more principled solution.

Future work includes exploring advanced architectures (Trans-
formers, RNNs) that exploit negotiation history and the natural
permutation symmetries in VUDO—applying any consistent permu-
tation to the input should not affect the policy since this amounts to
permuting issues, which should not affect agent decisions. This sym-
metry could be implemented using, for example, a 1 × 1 convolution
first layer. While our framework supports multiagent RL and multi-
lateral protocols, we focused on bilateral negotiation. The last two
experiments show that RL methods (including VUDO) do not consis-
tently outperform SOTA heuristics, suggesting room for algorithmic
and architectural improvement including MARL techniques.

6 CONCLUSION
We presented a new codec of outcomes for observation encoding
and action decoding in automated negotiation and showed empiri-
cally that it can improve the performance of reinforcement learning
on this problem outperforming SOTA RL and heuristic methods
when generalization over negotiation scenarios and opponent strate-
gies is required. The proposed VUDO codec projects outcomes
onto the multidimensional space defined by value functions, cap-
turing all information relevant to negotiation performance while
enabling generalization across scenarios. Moreover, we presented



a general framework for representing automated negotiation prob-
lems as POMDPs for RL solvers. The proposed model is modular,
open-source and can represent most available methods and can be
used to develop new approaches and architectures. We hope that the
introduction of this framework and the proposed codec can provide
a solid foundation for future research in this area.
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REPRODUCIBILITY
To ensure reproducibility, we provide all the code and data used in
this work in the supplementary materials.

6.0.1 Code. The code is implemented in Python and provides a
command-line-interface (𝑛𝑒𝑔𝑚𝑎𝑠𝑟𝑙) to run the experiments reported
in the paper. To run the code, you need to install it by running the
following command:

> uv sync –install-extras –dev
The following command will run the first experiment in the paper:

> negmasrl scmldynamic
The following command will run the first experiment in the paper

disabling reward shaping:
> negmasrl scmldynamic –no-reward-shaping

The following command will run the second experiment in the
paper:

> src/scripts/run_anac.sh
The following command will run the second experiment in the

paper disabling reward shaping:
> src/scripts/run_anac.sh –no-reward-shaping

To change the settings and parameters of different experiments,
you can use the provided help using:

> negmasrl –help
We pinned all library versions to ensure reproducibility. The code

is tested on Python 3.12 on an Appple MacBook Pro machine with an
M1 chip running macOS Sequoia 15.6.1. The details of the servers
used for training and testing are provided in the "Computational
Resources" subsection.

This appendix describes two more experiments. The command for
running each of them will be provided in the corresponding section.

If the paper is accepted, we intend to open-source the library under
the name 𝑛𝑒𝑔𝑚𝑎𝑠 − 𝑟𝑙 in a public repository under GitHub with a
permissive license and make it pip-installable. This will include our
implementation of all comparison algorithms as well as the proposed
method. The first version will match exactly the code provided in
the supplementary materials. We believe that the framework will
be useful in accelerating research in reinforcement learning for
automated negotiation by providing a standardized way of defining
problems and solutions, as well as a set of benchmarks for evaluating
different approaches.

Randomization. Several of the algorithms used in this paper de-
pend on randomization. To enhance reproducibility we seeded the
random number generators in the standard Python library, numpy
and torch libraries. The seed used can be found in 𝑠𝑟𝑐/𝑛𝑒𝑔𝑚𝑎𝑠 −
𝑟𝑙/𝑐𝑙𝑖/𝑐𝑙𝑖 .𝑝𝑦 and is set to 42.

6.0.2 Data. The experiments reported in the paper – and the addi-
tional experiments reported in this appendix – use the following sets
of negotiation scenarios as training and testing data:

Generalized Procurement Scenarios These are dynamically
generated scenarios used in the Generalized Procurement
Task (GPT) as described in the first experiment in the paper.
We provide the code to generate these scenarios. For a simple
example of how to generate a set of such scenarios, you can
check the following script:

http://www.jstor.org/stable/1912531
http://www.jstor.org/stable/1912531


Table 7: Server specifications used for the experiments.

Architecture x86_64
N. CPUs 56
Model name Intel(R) Xeon(R) CPU

E5-2690 v4 @ 2.60GHz
RAM 1TB
CPU op-mode(s) 32-bit, 64-bit
Byte Order Little Endian
Thread(s) per core 2
Core(s) per socket 14
Socket(s) 2
NUMA node(s) 2
Vendor ID GenuineIntel
Stepping 1
CPU MHz 1240.585
BogoMIPS 5206.40
Virtualization VT-x
L1d cache 32K
L1i cache 32K
L2 cache 256K
L3 cache 35840K

> src/scripts/calc_opposition.py
Selected ANAC Scenarios These are the scenarios used in the

second experiment in the paper (as well as one of the addi-
tional experiments in this appendix). These scenarios can all
be found under the “scenarios” folder in the supplementary
materials.

ANAC 2024 Scenarios These are the scenarios used in the first
additional experiment in this appendix. These scenarios can
all be found under the “scenarios/anac2024” folder in the
supplementary materials.

EVALUATION DETAILS
Due to lack of space, some of the technical details of the evaluation
are provided in this appendix.

Computational Resources
Table 7 provides the specifications of the server used for running
all the experiments reported in the paper as well as the additional
experiments reported in this appendix. No GPU was used in the
experiments.

6.1 Evaluation Metrics
This section provides the definitions of the evaluation metrics used
in the paper and this appendix. They are based the metrics proposed
by Mohammad 2023a [31].

The main goal of an agent is to maximize its own Advantage
(defined as the difference between the value it receives from negotia-
tion and its reserved value) which can be measured for a set of Λ as:
𝐴𝑎 (𝜋,Λ) ≡ E𝜆∼Λ,𝑖∼𝑝𝜆,Υ∼U𝑖 |𝑖≈𝜋 [𝑢𝑖 (PΥ (𝜆)) − 𝑢𝑖 (𝜙)].

Besides advantage, we use the following metrics to measure the
quality of negotiation outcomes:

Welfare𝑊 is defined as the expected sum of the achieved value
for all agents relative to the maximum achievable sum:

𝑊 = E
Λ | P (𝜆,𝜋 )≠𝜙

[∑
𝑖∈A[] 𝑢𝑖 (PΥ (𝜆))/max

𝜔∈P
∑
𝑖∈A[] 𝑢𝑖 (𝜔)

]
,

Pareto Optimality 𝑂 is defined as the expected value of one
minus the normalized distance of the negotiation outcomes to the
rational portion of the Pareto Outcome Set for negotiations leading
to agreement:
𝑂 = EΛ | P (𝜆,𝜋 )≠𝜙

[
1 −min

𝜔∈P⋃Ω 𝐷 (P(𝜆, 𝜋), 𝜔)
]
, where𝐷 (𝑎, 𝑏) ≡√︃∑

𝑖∈A[] (𝑢𝑖 (𝑎)−𝑢𝑖 (𝑏 ) )2

max
𝜔∈Ω∧𝜓 ∈P⋃Ω𝑥

√︃∑
𝑖∈A[] (𝑢𝑖 (𝜔 )−𝑢𝑖 (𝜓 ) )2

.

The reason we only consider the rational portion of the Pareto
Outcome Set is to penalize negotiations ending with Pareto efficient
irrational agreements.

Fairness 𝐹 is defined as the expected value of one minus the
normalized distance of the negotiation outcomes to any bargaining
solution:
𝐹 = EΛ | P (𝜆,𝜋 )≠𝜙

[
1 −min𝜔∈Ω𝑓 𝐷 (P(𝜆, 𝜋), 𝜙)

]
,

where Ω𝑓 are the set of bargaining solutions under the single-
negotiation and multiple-negotiations model (See the following
section for the rationale for this definition and the details of the
bargaining solutions set).

We use the following two bargaining solutions to measure fairness
in this appendix:

Nash Bargaining Solution Ω𝑛 This was the earliest of the three
solutions and defined by [39] as the unique Nash Equilibrium
for the Nash Bargaining Game that satisfies Perto-optimality,
symmetry, scale-invariance and independence of irrelevant
alternatives (IIA):

Ω𝑛 ≡ argmax
𝜔∈P

∏
𝑖∈A

𝑢𝑖 (𝜔) − 𝑢𝑖 (𝜙)

Kalai Bargaining Solution Ω𝑘 Defined by [24] as the unique
Nash Equilibrium when scale-invariance is dropped and IIA
and resource monotonicity axioms are kept:

Ω∗
𝑘
≡ argmax

𝜔∈P
min
𝑖∈A

𝑢𝑖 (𝜔) − 𝑢𝑖 (𝜙)

6.2 Negotiation Scenarios
The following subsections provide more details about the negotiation
scenarios used in the experiments reported in the paper and this
appendix.

6.2.1 Generalized Procurement Scenarios.
Implemented by SCMLDynamicScenarioGenerator in
src/negmas-rl/cli/scml_dynamic.py

The first experiment (Table 1 of the paper) uses the Generalized
Procurement Task (GPT) scenarios. These scenarios are dynami-
cally generated and can be used to evaluate the performance of RL
methods in a wide range of negotiation problems. The scenarios are
generated using the code provided in the supplementary materials (
Implemented by SCMLDynamicScenarioGenerator in src/negmas-
rl/cli/scml_dynamic.py). The process can be summarized as:
• Add carbon emission issue with probability 0.5
• Sample the seller utility function as follows:



Table 8: Scenario Generation Parameters for the Generalized
Procurement Task. All parameters are sampled uniformly within
the given range

N. Issues (2, 3)
N. Prices (5, 7)
N. Quantities (10, 20)
N. Carbon Emission Settings 3
Reserved value (Seller) (0.0, 0.2)
Reserved value (Buyer) (0.0, 0.1)
Target Quantity (2, Max Quantity -1)

– Sample a target quantity uniformly within the range spec-
ified in Table 8 (less than the maximum quantity minus
one).

– The price is uniformly increasing.
– Sample a reserved value uniformly within the range speci-

fied in Table 8.
– If the carbon emission issue is present, sample the value of

each of its three settings uniformly in the range specified
in Table 8.

– sample issue weights randomly in the range [0.1, 1.0] for
each issue then normalized them to sum to one.

• Sample the buyer utility function as follows:
– Sample a target quantity uniformly within the range spec-

ified in Table 8 (less than the maximum quantity minus
one).

– The price is uniformly decreasing.
– Sample a reserved value uniformly within the range speci-

fied in Table 8.
– If the carbon emission issue is present, sample the value of

each of its three settings uniformly in the range specified
in Table 8.

– sample issue weights randomly in the range [0.1, 1.0] for
each issue then normalized them to sum to one.

We then normalize both utility functions to ensure that the utility
range is between zero and one.

Table 8 provides the parameters used to generate the scenarios.
Fig. 4 shows some examples of the generated scenarios.

The number of outcomes will range between (50 to 420). This pro-
cess generated scenarios with different levels of opposition, which
is defined as the minimum distance between the Pareto-frontier and
the point with maximum utility for both agents. In our case, be-
cause all utility values are normalized between zero and one, it is
simply min𝜔∈Ω

∑
𝑎∈A (1 − 𝑢𝑎 (𝜔)). The reserved value is sampled

uniformly within the range specified in Table 8. The target quantity
is also sampled uniformly, but it is constrained to be less than the
maximum quantity minus one. The number of issues, prices, and
quantities are also sampled uniformly within the specified ranges.
Fig. 5 shows the resulting distribution of opposition levels for the
generated scenarios (based on 10, 000 samples).

6.2.2 Selected ANAC Scenarios.

. For the second experiment, we selected all the scenarios used
by Sengupta et al. 2021 [46], Higa et al. 2023 [21], Takahashi

et al. 2022 [48] for their evaluations of the baseline RL methods we
use in the paper3. These scenarios were selected from the scenarios
used in the ANAC competition between 2010 and 2018 to cover a
wide range of outcome-space sizes and opposition levels. Table 9
provides a fuller description of these domains. We preprocessed all
domains to ensure that utility values are normalized between zero
and one.

6.2.3 ANAC 2024 Scenarios.

. For the first additional experiment, we used 150 scenarios out
of 488 from the ANAC 2024 competition. All of these scenarios
are available in the supplementary materials under the “scenar-
ios/anac2024” folder. We selected the smallest and largest 75 sce-
narios based on the number of outcomes. Each was divided into 50
training scenarios and 25 testing scenarios. The number of issues
ranged between 1 and 3 and the number of outcomes ranged from
729 to 1, 331. This set had an opposition level ranging from 0.208 to
0.960 with a mean of 0.627 and standard deviation of 0.122. These
over a slightly larger range than the Generalized Procurement Task
scenarios. Fig. 6 shows the distribution of opposition levels in this
set of scenarios.

6.3 Training Parameters
We used the Soft-Actor-Critic for all experiments with the param-
eters given in Table 11. These are the default parameters as of the
current version of stable-baselines3 (2.7.0). We did not conduct any
hyper-parameter tuning and the results reported are the first results
obtained on the testing set for each experiment. We used a simple
MLP for all networks (the actor, critic and critic target) with two
hidden layers of size 256 and ReLU activation.

Table 10 summarizes the main characteristics of all the experi-
ments reported in this appendix including the two reported in the
paper (1, 2). Due to lack of space, the remaining experiments are
only reported in this appendix. We selected experiments 1 and 2 to
report in the main text because they provide examples of the hardest
and easiest situations an automated negotiation RL learner faces
and happen to give the best and worst performance for the proposed
method. The provided code allows the user to re-run all of these
experiments using:

negmasrl experiment-code
In table 10, an experiment is marked as testing Opponent General-

ization (Opp. Gen.) if the agent is trained against a set of opponents
and then tested against a different set of opponents. It is marked as
testing Scenario Generalization (Scen. Gen.) if it is trained on a set
of scenarios and then tested on a different set of scenarios given that
these scenarios have the same structure (i.e., the same number of
issues and the same number of values for each issue). It is marked
as testing Structure Generalization (Structure Gen.) if it is trained
on a set of scenarios and then tested on a different set of scenarios
with a different structure (i.e., the number of issues or the number of
values for each issue change all the time but have the same ranges in
training and testing).

We used the same reward-shaping method for all algorithms. To
encourage agreement, a penalty of −1 was added to the reserva-
tion value when calculating the reward of a negotiation ending in
3The scenarios used by Bakker et al. 2019 [11] are unavailable to us.
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Figure 4: Example generated scenarios for the Generalized Procurement Task. Each scenario is represented by a set of issues, prices,
quantities, and carbon emission settings. The reserved value and target quantity are also shown. The scenarios are dynamically
generated using the parameters provided in Table 8.



Table 9: Selected ANAC Scenarios. The scenarios are selected from the ANAC competition and cover a wide range of outcome-space
sizes and opposition levels. This dataset combines all the scenarios used for evaluating all of our SOTA RL method baselines.

Scenario Used by N. Issues Issue Sizes N. Outcomes Opposition Level

Laptop VeNAS, MiPN 3 (3, 3, 3) 27 0.276
ItexvsCypress VeNAS, MiPN 4 (5, 4, 3, 3) 180 0.396
ISBTAcquisition VeNAS, MiPN 5 (4, 3, 4, 4, 2) 384 0.323
Grocery MiPN 5 (4, 5, 4, 4, 5) 1600 0.122
Thompson MiPN 5 (5, 5, 5, 5, 5) 3125 0.276
Camera Sengupta 6 (5, 4, 3, 3, 5, 4) 3600 0.282
Car MiPN 6 (5, 5, 5, 5, 5, 5) 15625 0.092
EnergySmallA MiPN 6 (5, 5, 5, 5, 5, 5) 15625 0.430
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Figure 5: Opposition levels in the Generalized Procurement Task
scenarios. The opposition levels are calculated as the difference
between the maximum and minimum reserved values of the
agents in each scenario. The histogram shows the distribution of
opposition levels across all scenarios.
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Figure 6: Opposition levels in the ANAC 2024 scenarios. The
opposition levels are calculated as the difference between the
maximum and minimum reserved values of the agents in each
scenario. The histogram shows the distribution of opposition
levels across all scenarios.

disagreement. To encourage exploration of the outcome-space, a
reward of 0.002 × 𝑡 was given every step where 𝑡 is the relative time
in the negotiation (starts at zero and ends at 1). All negotiations were
limited to 100 steps.

EXPERIMENTAL DETAILS
Generalized Procurement Task (GPT)
This experiment uses the Generalized Procurement Task scenarios
described earlier. The goal of this experiment is to evaluate the
performance of the proposed method in a dynamic setting where the
opponent strategy, outcome-space structure, opposition level, and
reserved values are all changing during training and testing and are
different in the two cases. We ran a single training session for each
method and then evaluated the performance on 50 testing scenarios.
All methods were tested against the same scenarios allowing us to
conduct paired hypothesis tests (i.e. Wilcoxon and t-tests) on the
results. All methods were trained for 400, 000 steps with no early
stopping.

We used the following state-of-the-art ANAC winner strategies as
opponents for training: Atlas3 [38](winner of ANAC 2015), CUHK
by [20] (winner of ANAC 2012) and two baselines (Boulware and
Conceder). For testing we used the following strategies as opponents:
AgentK [25],Hardheaded by [51], and AgentGG [5] (winners of
ANAC 2011, 2013, and 2023), and the Linear concession time-based
strategy.

Table 12 shows the model sizes of the policy for different algo-
rithms in this experiment. The proposed method (and its variations)
has a model size in between RLBOA+ and Sengupta’s methods. All
model sizes are within 18% from each other.

Table 13 shows the value of all evaluation metrics on this ex-
periment (the main text reports only the advantage). The proposed
method outperforms all other methods in terms of advantage, welfare,
Pareto optimality, and fairness (whether measured using distance to
the Nash or the Kalai point). The proposed method also achieves
the highest Pareto optimality and fairness scores. The results show
that the proposed method is able to learn a policy that is more ad-
vantageous, fair, and Pareto optimal than the other methods under
the settings of this experiment.

Table 17 shows the Wilcoxon’s rank-sum test details for this exper-
iment. The improvement in learner’s advantage provided by the pro-
posed method is statistically significant compared to all other meth-
ods with the exception of the VUDONoObs variant. The proposed



Table 10: Summary of reported experiments

# Code Dataset Opp. Scenario Structure Paper Difficulty
Gen. Gen. Gen.

1 scmldynamic Generalized Procurement Task yes yes yes yes Hard
2 anac2024 ANAC 2024 Scenarios yes yes yes yes Hard

3 anac Selected ANAC Scenarios no no no yes Easy
4 mipn Selected ANAC Scenarios no yes yes yes Medium

Table 11: Parameters of Soft-Actor-Critic used in all experi-
ments.

Parameter Value

learning rate 0.0003
buffer size 1000000
learning starts 100
batch size 256
tau 0.005
gamma 0.99
train freq 1
gradient steps 1
target update interval 1
stats window size 100
Optimizer Adam

Table 12: Model Sizes for the Generalized Procurement Task

Algorithm N. Paramters Algorithm N. Paramters

RLBOA+ 395,526 Sengupta 341,766
Renting+ 467,460 VUDONoAct 349,446
VUDONoObs 346,380 VUDO 354,060

method received 0.065 higher advantage than the VUDONoObs vari-
ant, but this difference was not statistically significant under the
Wilcoxon’s rank-sum test. Table 19 shows the paired ttest details
for this experiment which repeats the same story. Table 18 shows
the Wilcoxon’s rank-sum test details for the learner’s utility in this
experiment. The results are similar to the advantage results, with
the proposed method outperforming all other methods including the
VUDONoObs variant.

Table 20 reports the Wilcoxon’s rank-sum test details for Wel-
fare. The proposed method outperforms all other methods except
VUDONoAct. Differences from SOTA heuristics were all statisti-
cally significant but difference from SOTA RL methods were not
statistically significant. Table 22 reports the Wilcoxon’s rank-sum
test details for Pareto Optimality. The same pattern of results is
observed here as well.

Considering fairness, Table 23 shows the Wilcoxon’s rank-sum
details for the Nash Optimality and Table 21 reports them for Kalai
Optimality. Again, the proposed method outperforms all methods
except VUDONoAct. The differences were statisically significant
for all SOTA heuristics except RLBOA+. The difference between

VUDO and VUDONoObs was not statistically significant for Nash
Optimality but was significant for Kalai Optimality.

6.4 ANAC 2024 Scenarios
In this experiment, we used the ANAC 2025 Scenarios described ear-
lier. This dataset included 100 training scenarios and 50 testing sce-
narios. The goal of this experiment was to evaluate the performance
of the proposed method in a more challenging setting compared with
the previous experiments as these scenarios are less related com-
pared with the Generalized Procurement scenarios and we conducted
a single training session for each method.

We used the following state-of-the-art ANAC winner strategies as
opponents for training: Atlas3 [38](winner of ANAC 2015), CUHK
by [20] (winner of ANAC 2012) and two baselines (Boulware and
Conceder). For testing we used the following strategies as opponents:
AgentK [25],Hardheaded by [51], and AgentGG [5] (winners of
ANAC 2011, 2013, and 2023), and the Linear concession time-based
strategy.

We used 400, 000 steps for training and 100 steps as a round-limit
for each negotiation.

Table 14 shows the results of this experiment. Here we can see
that the proposed method outperformed all other methods in terms
of advantage but not in terms of other metrics. This suggests that
even though the agent could learn a policy that is more advantageous
than the other methods for itself, the policy was not as effective in
terms of welfare, Pareto optimality and fairness.

Table 24 shows the Wilcoxon’s rank-sum test details for this
experiment. The improvement achieved by the proposed method was
statistically significant compared with its variants suggesting that
the proposed codec is useful for input and output. The difference
between VUDO and all other methods was statistically significant
except for Sengupta and AgentK.

6.5 ANAC Scenarios, Single Opponent
The second experiment uses the selected ANAC scenarios described
in Table 9. The goal of this experiment is to evaluate the performance
of the proposed method against baselines in the simplest possible
case with on training session per scenario and with the same oppo-
nent during training and testing (i.e., no opponent generalization).
We used Boulware as the opponent because earlier studies showed
that most SOTA heuristics behave mostly as Boulware agents with
some small variations in their behavior added to the behavior of
Boulware [46]. For each scenario we trained each model for 100, 000
steps and then tested it in 30 negotiations.



Table 13: Results of the Generalized Procurement Task experiment (1). The table shows the average advantage, welfare, Pareto
optimality, and fairness for each method across all scenarios. The best results are highlighted in bold.

Method Advantage Welfare Nash Kalai Pareto Neg. Training
Time(s) Time(s)

Atlas3 0.154 (0.279) 0.297 (0.375) 0.425 (0.284) 0.456 (0.291) 0.505 (0.301) 0.091 (0.061) N/A
Hardheaded 0.176 (0.354) 0.240 (0.307) 0.340 (0.179) 0.372 (0.192) 0.486 (0.277) 0.080 (0.065) N/A
AgentK 0.201 (0.380) 0.259 (0.299) 0.349 (0.178) 0.364 (0.156) 0.494 (0.279) 0.081 (0.045) N/A
AgentGG 0.174 (0.348) 0.238 (0.298) 0.345 (0.174) 0.378 (0.192) 0.488 (0.276) 0.078 (0.067) N/A

Sengupta 0.191 (0.328) 0.323 (0.379) 0.448 (0.292) 0.461 (0.278) 0.521 (0.298) 0.153 (0.092) 8,927
RLBOA+ 0.160 (0.306) 0.279 (0.349) 0.389 (0.251) 0.423 (0.261) 0.495 (0.283) 0.184 (0.068) 11,105
Renting+ 0.230 (0.253) 0.378 (0.277) 0.475 (0.214) 0.500 (0.200) 0.571 (0.208) 0.71 (0.19) 48,158

VUDO 0.298 (0.272) 0.683 (0.329) 0.678 (0.239) 0.641 (0.204) 0.803 (0.218) 0.112 (0.075) 9,063
VUDONoAct 0.215 (0.319) 0.376 (0.407) 0.497 (0.325) 0.515 (0.323) 0.560 (0.313) 0.146 (0.082) 9,008
VUDONoObs 0.223 (0.342) 0.417 (0.393) 0.467 (0.254) 0.491 (0.267) 0.615 (0.305) 0.127 (0.076) 8,968

Table 14: Results of the selected ANAC 2024 scenarios experiment (2). The table shows the average advantage, welfare, Pareto
optimality, and fairness for each method across all scenarios. The best results are highlighted in bold.

Method Advantage Welfare Nash Kalai Pareto Neg. Time

Atlas3 0.163 (0.300) 0.222 (0.398) 0.522 (0.209) 0.560 (0.173) 0.618 (0.209) 0.538 (0.204)
AgentK 0.153 (0.350) 0.158 (0.362) 0.454 (0.140) 0.490 (0.094) 0.580 (0.188) 0.215 (0.067)
AgentGG 0.040 (0.196) 0.040 (0.196) 0.448 (0.133) 0.485 (0.088) 0.523 (0.110) 0.153 (0.056)
Hardheaded 0.040 (0.196) 0.040 (0.196) 0.448 (0.133) 0.485 (0.088) 0.523 (0.110) 0.129 (0.055)

RLBOA+ 0.077 (0.141) 0.212 (0.367) 0.504 (0.186) 0.546 (0.150) 0.614 (0.197) 0.228 (0.064)
Sengupta 0.117 (0.251) 0.887 (0.123) 0.529 (0.149) 0.544 (0.095) 0.992 (0.030) 0.179 (0.059)
Renting+ 0.018 (0.120) 0.451 (0.246) 0.635 (0.204) 0.653 (0.206) 0.694 (0.182) 3.952 (1.908)

VUDO 0.179 (0.323) 0.227 (0.406) 0.511 (0.196) 0.549 (0.156) 0.622 (0.216) 0.160 (0.054)
VUDONoAct 0.048 (0.111) 0.334 (0.429) 0.495 (0.155) 0.530 (0.115) 0.687 (0.234) 0.175 (0.078)
VUDONoObs 0.050 (0.016) 0.891 (0.123) 0.481 (0.113) 0.495 (0.024) 0.998 (0.005) 0.070 (0.027)

Table 15: Results of the selected ANAC scenarios experiment (3). The table shows the average advantage, welfare, Pareto optimality,
and fairness for each method across all scenarios. The best results are highlighted in bold.

Method Advantage Welfare Nash Kalai Pareto Neg. Training
Time (s) Time (s)

AgentGG 0.800 (0.422) 0.699 (0.377) 0.605 (0.255) 0.574 (0.227) 0.864 (0.286) 0.304 (0.359) N/A
AgentK 0.947 (0.049) 0.910 (0.080) 0.795 (0.141) 0.763 (0.122) 0.990 (0.019) 0.388 (0.296) N/A
Atlas3 0.684 (0.130) 0.868 (0.091) 0.855 (0.077) 0.872 (0.073) 0.930 (0.063) 0.364 (0.396) N/A
Hardheaded 0.800 (0.422) 0.699 (0.377) 0.605 (0.255) 0.574 (0.227) 0.864 (0.286) 0.293 (0.333) N/A

VeNAS(c) 0.541 (0.372) 0.706 (0.457) 0.694 (0.327) 0.707 (0.320) 0.803 (0.329) 0.340 (0.367) 8831
MiPN(c) 0.475 (0.132) 0.860 (0.070) 0.733 (0.080) 0.769 (0.060) 0.987 (0.022) 0.297 (0.346) N/A

RLBOA+ 0.846 (0.346) 0.782 (0.333) 0.702 (0.234) 0.675 (0.215) 0.919 (0.229) 0.415 (0.300) 3755
Sengupta 0.828 (0.304) 0.831 (0.255) 0.723 (0.216) 0.699 (0.201) 0.959 (0.163) 0.323 (0.260) 4,006
Renting+ 0.636 (0.385) 0.588 (0.356) 0.539 (0.231) 0.548 (0.232) 0.784 (0.286) 0.486 (0.470) 5,214

VUDO 0.915 (0.175) 0.867 (0.107) 0.727 (0.154) 0.701 (0.140) 0.991 (0.024) 0.517 (0.487) 3,173
VUDO-NoAct 0.856 (0.209) 0.876 (0.149) 0.751 (0.197) 0.751 (0.201) 0.989 (0.072) 0.326 (0.274) 2,863
VUDO-NoObs 0.824 (0.340) 0.863 (0.108) 0.707 (0.164) 0.683 (0.154) 1.000 (0.003) 0.442 (0.334) 4,133



Table 16: Results of the Selected ANAC Scenarios with scenario generalization experiment (4). The table shows the average advantage,
welfare, Pareto optimality, and fairness for each method across all scenarios. The best results are highlighted in bold.

Scenario AgentGG AgentK Atlas3 Hardheaded RLBOA+ Sengupta Renting+ VUDO

Advantage 0.720 (0.449) 0.959 (0.042) 0.668 (0.115) 0.720 (0.449) 0.776 (0.347) 0.726 (0.265) 0.478 (0.255) 0.893 (0.163)
Welfare 0.611 (0.390) 0.892 (0.074) 0.870 (0.100) 0.611 (0.390) 0.756 (0.322) 0.853 (0.088) 0.486 (0.348) 0.878 (0.101)
Nash 0.528 (0.246) 0.746 (0.123) 0.866 (0.082) 0.528 (0.246) 0.669 (0.210) 0.673 (0.143) 0.502 (0.192) 0.735 (0.142)
Kalai 0.514 (0.229) 0.733 (0.113) 0.875 (0.080) 0.514 (0.229) 0.656 (0.201) 0.691 (0.136) 0.506 (0.193) 0.717 (0.134)
Pareto 0.810 (0.305) 0.994 (0.011) 0.928 (0.070) 0.810 (0.305) 0.909 (0.225) 0.999 (0.007) 0.696 (0.288) 0.991 (0.025)
Neg. Time 0.291 (0.342) 0.332 (0.309) 0.328 (0.372) 0.278 (0.331) 0.401 (0.326) 0.276 (0.297) 1.520 (1.153) 0.449 (0.451)
Training Time N/A N/A N/A N/A 5,521.618 4,440.505 5,979.667 4,627.216

Table 17: Wicoxon’s rank-sum test details for learner advantage
on the Generalized Procurement Task experiment (1) comparing
VUDO with all other methods

Against p-value statistic significant

Atlas3 0.002158 929 True
AgentK 0.034651 826 True
AgentGG 0.017255 734 True
Hardheaded 0.015903 737 True

RLBOA+ 0.003778 785 True
Sengupta 0.021376 697 True
Renting+ 0.012011 702 True

VUDONoObs 0.090463 747 False
VUDONoAct 0.032481 681 True

Table 18: Wicoxon’s rank-sum test details for learner utility on
the Generalized Procurement Task experiment (1) comparing
VUDO with all other methods

Against pvalue statistic significant

Atlas3 0.001418 2.985024 True
AgentK 0.002974 2.750634 True
AgentGG 0.000424 3.336609 True
Hardheaded 0.000384 3.364184 True

RLBOA+ 0.000542 3.267671 True
Sengupta 0.006227 2.499010 True
Renting+ 0.000061 3.614459 True

VUDONoObs 0.023872 1.713035 True
VUDONoAct 0.024684 1.685460 True

Table 15 shows the results of this experiment. Here we can see
that the proposed method (and ALL RL based methods) did not per-
form as well as the SOTA heuristic (AgnetK). Nevertheless, Utility-
Projection methods outperformed all other SOTA heuristics and the
proposed method outperformed all all other SOTA heuristics, all
RL based SOTA methods as well as the variations of the proposed
method.

Table 25 shows the Wilcoxon’s rank-sum test details for this ex-
periment comparing the proposed method with all other methods.

Table 19: Paired t-test test details for learner advantage on
the Generalized Procurement Task experiment (1) comparing
VUDO with all other methods

b pvalue statistic significant

Atlas3 0.001956 3.028588 True
AgentK 0.048410 1.692927 True
AgentGG 0.018506 2.144105 True
Hardheaded 0.017357 2.172133 True

RLBOA+ 0.005659 2.632045 True
Sengupta 0.021075 2.086601 True
Renting+ 0.010123 2.244853 True

VUDONoObs 0.102410 1.285039 False
VUDONoAct 0.042268 1.760663 True

Table 20: Wilcoxon’s rank-sum test details for learner Welfare
on the Generalized Procurement Task experiment (1) comparing
VUDO with all other methods

Against p-value statistic Significant

Atlas3 0.000113 3.688194 True
AgentK 0.000006 4.384469 True
AgentGG 0.000001 4.836015 True
Hardheaded 0.000001 4.801546 True

Sengupta 0.071469 1.464937 False
RLBOA+ 0.056810 1.582132 False

VUDONoAct 0.832761 -0.965135 False
VUDONoObs 0.085052 1.371870 False

Even though AgentK outperforms the proposed method with an
advantage of 0.947 compared to 0.915 for VUDO, the difference is
not statistically significant. The proposed method outperforms all
other methods including its two variants. Nevertheless, the differ-
ences between the proposed method and Utility Projection methods
and its variants were not statistically significant. Note that, for this
experiment, the number of samples equals the number of scenarios
which is 8. This means that the Wilcoxon’s rank-sum test results
should be taken with caution as the number of samples is too small.
Using multiple runs for each scenario would not have been better



Table 21: Wilcoxon’s rank-sum test details for learner Kalai
Optimality (fairness) on the Generalized Procurement Task ex-
periment (1) comparing VUDO with all other methods

Against pvalue statistic significant

Atlas3 0.001266 3.019493 True
AgentK 0.000001 4.887718 True
AgentGG 0.000002 4.608519 True
Hardheaded 0.000002 4.642988 True

RLBOA+ 0.021167 2.030230 True
Sengupta 0.109246 1.230547 False

VUDONoAct 0.801764 -0.847940 False
VUDONoObs 0.096889 1.299485 True

Table 22: Wilcoxon’s rank-sum test details for learner Pareto
Optimality on the Generalized Procurement Task experiment
(1) comparing VUDO with all other methods

Against p-value statistic Significant

Atlas3 0.000291 3.440016 True
AgentK 0.000041 3.936371 True
AgentGG 0.000075 3.791601 True
Hardheaded 0.000069 3.812282 True

RLBOA(c) 0.049715 1.647623 False
Sengupta 0.089985 1.340848 False

VUDONoAct 0.846203 -1.020285 False
VUDONoObs 0.142638 1.068542 False

Table 23: Wilcoxon’s rank-sum test details for learner Nash
Optimality (fairness) on the Generalized Procurement Task ex-
periment (1) comparing VUDO with all other methods

Against p-value statistic Significant

Atlas3 0.000169 3.584786 True
AgentK 0.000000 4.915294 True
AgentGG 0.000000 4.925634 True
Hardheaded 0.000000 4.966997 True

RLBOA+ 0.019639 2.061252 True
Sengupta 0.125521 1.147821 False

VUDONoAct 0.821299 -0.920325 False
VUDONoObs 0.081357 1.395999 True

because most strategies behave deterministically and repeated runs
tend to lead to the same results.

6.6 Selected ANAC Scenarios, Generalization
In this experiment, we use the selected ANAC scenarios used in the
second experiment. This time, we train using 5 scenarios and test on
the remaining 3. We used the same training and testing opponents as
in the second experiment. This experiment is of medium difficulty

Table 24: Wicoxon’s rank-sum test details for learner advantage
on the ANAC 2024 scenarios (2) without opponent or scenario
generalization comparing VUDO with all other methods

Against pvalue statistic significant

Atlas3 0.020430 56 True
AgentK 0.406973 42 False
AgentGG 0.002371 75 True
Hardheaded 0.002371 75 True

Sengupta 0.614824 204 False
RLBOA+ 0.001109 78 True

VUDONoObs 0.004998 174 True
VUDONoAct 0.001081 114 True

Table 25: Wicoxon’s rank-sum test details for learner advantage
on the Selected ANAC scenarios (3) without opponent or scenario
generalization comparing VUDO with all other methods

Against p-value statistic significant

Atlas3 0.030119 476 True
AgentK 1.000000 10 False
AgentGG 0.999996 73 False
Hardheaded 0.999996 73 False

RLBOA+ 1.000000 44 False
Sengupta 0.999999 45 False

VeNAS(c) 0.000357 545 True
MiPN(c) 0.000000 703 True

VUDONoObs 1.000000 0 False
VUDONoAct 0.999999 40 False

Table 26: Ablation study on Selected ANAC Scenarios with sce-
nario generalization experiment (4).

Scenario VUDO VUDONoAct VUDONoObs

Advantage 0.893 (0.163) 0.841 (0.260) 0.780 (0.324)
Welfare 0.878 (0.101) 0.841 (0.199) 0.782 (0.308)
Nash 0.735 (0.142) 0.709 (0.182) 0.698 (0.218)
Kalai 0.717 (0.134) 0.696 (0.175) 0.684 (0.206)
Pareto 0.991 (0.025) 0.971 (0.127) 0.921 (0.210)
Neg. Time 0.449 (0.451) 0.293 (0.288) 0.452 (0.479)
Training Time 4627.216 4411.329 4759.614

as the agent needs to learn to generalize over the scenarios but not
over the opponent strategies.

Table 16 shows the results of this experiment comparing the
proposed method with SOTA heuristics and SOTA RL methods. The
proposed method outperforms all comparison methods in terms of
advantage except Agent (which is expected given the results of the
second experiment).

Table 26 presents the ablation study for this scenario set. The
proposed method outperformed both variations in all metrics except



negotiation time suggesting that the proposed codec method is useful
for observation and action spaces.

Because we have only 3 testing scenarios, we could not conduct
hypothesis tests for this experiment.
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