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Abstract. In the very near future, we anticipate that more and more
artiﬁcially intelligent agents will be deployed to represent individuals and
institutions. Automated negotiation environments are a mechanism by
which to coordinate the behavior of such agents. Most existing work on
automated negotiation assumes a context that is predeﬁned, and hence,
static. This paper focuses on the dynamic case, which we call situated
negotiation, where agents need to decide not only how to negotiate, but
with whom, and about what. We describe a common benchmark simulation environment for evaluating situated negotiation strategies, and
evaluate several baseline strategies in the proposed environment.

1

Introduction

Negotiation is a process by which self-interested parties aim to reach an agreement. Self-interestedness implies a partial ordering over diﬀerent possible outcomes, which in turn implies the existence of a continuous utility function that
assigns a real value to all outcomes [6].
In automated negotiation, one or more of the negotiating parties is an
artiﬁcially intelligent (AI) agent. Interest in automated negotiation is increasing,
because of the growing use of AI to automate business operations [17], and the
understanding that these agents must be capable of reaching agreements, if the
businesses they represent are to be successful.
We refer to an instance of automated negotiation as a negotiation thread.
A negotiation thread involves at least two agents (often called negotiators), each
with its own utility function and strategy, negotiating about some agenda. A
negotiation strategy is a mapping from the state of the negotiation, as understood by an agent, to the actions allowed by the negotiation protocol (sometimes called a mechanism). A negotiation agenda is the space of issues under
consideration: e.g., in the context of supply chain management, the possible
prices, quantities, and delivery dates.
Traditionally, automated negotiation research has focused on context-free
negotiations. Such a negotiation is characterized by a single thread, in which
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agents endowed with static utility functions negotiate about a ﬁxed agenda [3].
Here, the key research questions usually pertain to the design of an eﬀective
negotiation strategy [7].
To apply automated negotiation technology in realistic business settings,
however, agents will need to decide not only how to negotiate, but with whom
and about what. Furthermore, when an agent is simultaneously negotiating with
multiple other agents, their utility in one negotiation is necessarily dynamic, as it
depends on the success or failure of other negotiations [2]. We call such scenarios
situated negotiations to emphasize the role of the context, or the situation,
in the negotiation process.
In many settings, it may not be optimal, or even possible, to decompose a
situated negotiation neatly. For example, consider an agent A that is negotiating
with another agent B. If A receives an oﬀer from a third agent C, it should be
reluctant to accept any worse oﬀer from B. In general, the availability of a third
agent C as a potential or actual negotiation partner will aﬀect the oﬀers that
A places and is willing to accept from B. Dividing a situated negotiation into a
set of independent negotiations may lead to suboptimal behavior in all of them.
Diﬀerent aspects of situated negotiations have been studied in the literature
under diﬀerent names, including negotiation with outside options [9], one-tomany negotiation [11], negotiation in distributed environments [10], concurrent
negotiations [20], and was applied to complex multiagent resource allocation [2],
distributed task allocation [8], cloud computing [2], and smart grids [1].
The ﬁrst contribution of this paper is to present a common benchmark simulation environment called the Supply Chain Management (SCM) world that is
rich enough to help illuminate the challenges faced by situated negotiators, while
at the same time simple enough to focus the research eﬀort on core problems.
Availability of similar benchmark problems in other domains has proved useful in stimulating research and generating new ideas. Examples include the Face
Recognition Grand Challenge (FRGC) [16], the Trading Agent Competition [18],
The Robot World Cup Initiative (RoboCup), and the Automated Negotiation
Agents Competition (ANAC) [7]. The second contribution of this paper is three
baseline strategies and their evaluation in the proposed environment.
This paper is organized as follows. Section 2 deﬁnes situated negotiations
in more detail. Section 3 outlines the objectives we believe a simulation should
attain in order to serve as a useful benchmark for current and future research
on situated negotiations. Section 4 describes the proposed benchmark problem
that was designed to achieve these objectives. Section 5 describes the annual
automated agent negotiation competition (ANAC) 2019 supply chain management league (SCML), an instantiation of these ideas. Section 6 introduces three
strategies for this problem, and Sect. 7 evaluates the proposed strategies.

2

Situated Negotiations

Problems in automatic negotiation are usually studied without regard to the
environment in which the negotiation takes place. From an engineering perspective, this abstraction is justiﬁable; it can make an otherwise intractable problem
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tractable. For example, external pressures to reach agreement quickly can be
modeled by a negotiation deadline, an exponential discount factor on a utility
function, as part of the opponent model, or in a reservation value (i.e., the value
for failure to reach agreement). But in many negotiation scenarios, it is not so
simple to encode the eﬀect of the environment on the negotiation. Informally, the
environment creates what we call situated negotiations. An agent is engaged
in a situated negotiation if the utility function it uses to guide its negotiation is
dynamic, and varies with the context in which the negotiation is situated.
A primary example of a situated negotiation is a negotiation under uncertainty. For example, when an agent is not endowed with perfect knowledge of
the utility function of the entity it represents, and consequently engages in preference elicitation during the negotiation [14] to reﬁne its estimate of its utility
function, its current estimate is, in general, situation-dependent.
An agent’s utility function is also situation-dependent when it is negotiating
in the presence of an outside option, i.e., a substitute, whose value is either
unknown or subject to change. For example, if an agent is negotiating about the
price of a plane ticket from Tokyo to California, and in the midst of the negotiation there is an earthquake in Tokyo, the agent’s utility function—speciﬁcally,
its reservation value—may suddenly need to be updated.
An important type of situated negotiation is an embedded negotiation.
In such a negotiation, an agent’s utility function heavily depends on contextual
information in that it depends on the collective outcome of multiple negotiations.
We call such a utility function global. A key task of the agent, then, is to ﬁgure
out a way to decompose this global utility function into local utility functions
to be farmed out to the separate negotiation threads. This task is known to
be notoriously diﬃcult for autonomous bidders in simultaneous and sequential
auctions [5], a special case of many-to-one automated negotiation in which the
“one’s” (i.e., the auctioneer’s) strategy is public, but can be done eﬀectively
when integrated with an appropriate bidding strategy [19].
For example, imagine an agent that engages in two concurrent negotiations
on behalf of someone planning to attend the Tokyo Olympics—one about plane
tickets and the other about hotel reservations. The agent’s global utility function
may ascribe non-zero value only to both travel goods together, implying that
the goods are complements. Regardless of how this global utility function is
decomposed into local utility functions and then farmed out to the two separate
negotiation threads, the negotiations are embedded because the conclusion of
either would impact the agent’s utility function in the other.
The matching market in the U.S. Navy detailing system, which allocates
sailors to job vacancies, is an example of an embedded negotiation that marries
concurrent negotiations with outside options [9]. In this system, vacancies are
published and sailors apply to ﬁll them. Commanders then choose among the
applicants via concurrent bilateral negotiations. (Likewise, one can imagine a
sequential version in which negotiations are conducted consecutively instead of
concurrently, and where the utility function of each subsequent negotiation is
aﬀected by past outcomes and predictions about future outcomes.) Li et al. [9]
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argue that relying on ﬁxed reservation values in each negotiation thread for the
duration of the concurrent negotiations is sub-optimal. On the contrary, the
reservation value (and hence utility function) in one thread must be updated
based on how negotiations unfold in the others.
What these scenarios have in common is that factors external to a negotiation
thread itself aﬀect aspects of that negotiation, which entail changes to the utility
function. These scenarios are called situated negotiations in this paper, and
are characterized by dynamic utility functions that emerge endogenously during
possibly concurrent and/or possibly consecutive negotiations.

3

Design Objectives

The goal of this work is to advance the state-of-the-art in situated negotiation.
To achieve this goal, we propose that researchers benchmark their progress using
a common simulation environment. The primary advantage of a common environment is that it facilitates the comparison of agent negotiation strategies.
The alternative would involve the arduous task of reimplementing strategies
across domains. Moreover, when multiple research teams develop competing
approaches, running them all on a common benchmark environment more closely
resembles real-world negotiations among disparate parties.
We believe that any common benchmark environment that is intended to further research in autonomous agents and multi-agent systems (AAMAS) should
satisfy three design objectives. First, it should model a real-world scenario,
thereby increasing its relevance, and enabling researchers to jump start the
(strategic) design process using existing intuitions. Second, it should be easy
for researchers to run experiments to compare diﬀerent mechanisms, diﬀerent
agent strategies/designs within a given mechanism, etc. Finally, it should support a canonical design and implementation, to facilitate collaboration among
researchers and reproducibility of results.
For the special case of situated negotiation, the environment should model
a negotiation scenario that involves one or more of the sub-problems depicted
in Sect. 2; and if the scenario involves more than of these sub-problems, it should
be relatively straightforward to isolate and study speciﬁc ones.

4

The SCM World: A Common Benchmark Environment

A supply chain is a sequence of processes by which raw materials are
converted into ﬁnished goods. A supply chain is usually managed by multiple
independent entities, whose coordination is called supply chain management
(SCM). SCM exempliﬁes situated negotiation. The SCM world was built on top
of an open-source automated negotiation platform called NegMAS [13] to serve
as a common benchmark environment for the study of situated negotiation.
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Fig. 1. The main entities and their managers (agents) in the SCM world simulation.

Entities. SCM consists of six types of entities and their corresponding managers (See Fig. 1): factories, mining facilities, retail companies, transportation
companies, banks, and insurance companies. The relationship between these entities and their managers is one-to-one. All entities have accompanying wallets
that store their cash. Moreover, factories, mining facilities, retail companies, and
insurance companies have accompanying storage warehouses. In more detail:
Factories convert raw materials and intermediate products into intermediate
and ﬁnal products by running their manufacturing processes for some time,
assuming all inputs, enough funds, and enough time are available to run the
processes. They are managed by factory managers.
Mining facilities are capable of mining raw materials, which they do to satisfy
their negotiated contracts. They are managed by miners that act only as
sellers in the SCM world.
Retail companies are interested in consuming a subset of the ﬁnal products
to satisfy some predeﬁned consumption schedule. They are managed by
consumers that act only as buyers.
Transportation companies transport materials between warehouses. They
are managed by transporters that represent service providers.
Banks provide loans to potential buyers.
Insurance companies insure managers against breaches of contract committed by other managers (e.g., failure of a seller to deliver promised products on time, insuﬃcient funds in the buyer’s wallet at the time of delivery,
transportation delay by a transporter, etc).
Agents. In the SCM world, agents represent managers. The goal of each agent
is to accrue as much proﬁt as possible.
All trade in the SCM world is conducted through negotiations. Negotiations can be bilateral or multilateral, and can use any negotiation protocol—
synchronous or asynchronous—to reach an agreement. As a special case, some
(or all) agreements may be arrived at using auction protocols, allowing for direct
comparison between the auction mechanisms and other negotiation protocols.
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When an agreement is signed, it is converted into a contract. When a contract
comes due, the simulator attempts to execute it. For a contract between a buyer
and a seller, it moves the agreed upon quantity of that product from the seller’s
inventory to the buyer’s, and the agreed upon price from the buyer’s wallet to
the seller’s. For a transportation contract, it moves the products from the source
to the destination (after any agreed upon transportation delay), and moves the
transportation cost to the wallet of the transporter. If any of these executions
fail, a breach of contract can occur. Breaches can also occur if either party decides
not to honor the contract. In cases of potential breaches, the simulator may oﬀer
the agents involved an opportunity to renegotiate.
To ﬁnd negotiation partners, agents may request-a-negotiation with
potential trading partners directly, or publish their interest in negotiating on
a public bulletin board that lists call-for-proposals (CFPs). Each such CFP
speciﬁes the publisher and the proposed negotiation issues. Interested agents
then respond to the publisher with a request to negotiate. Requesting such a
negotiation implies acceptance of the negotiation agenda.
Simulation. Before the start of the simulation, an initial balance is deposited in
each agent’s wallet, and catalog prices are posted for all products. In addition,
each agent is assigned a private proﬁle, which characterizes its production capabilities and/or its consumption preferences. Each SCM world simulation runs for
multiple (say, 100) steps. During each step:
1. Agents make any outstanding loan payments, all contracts that come due are
executed, and any breaches that arise are handled.
2. Agents then engage in negotiations for multiple steps (say, 10). During this
time, they are also free to read the bulletin board, post CFPs, and respond
to CFPs.
3. Finally, all production lines in all factories advance one time step, meaning
required inputs are removed from inventory, generated outputs are stored in
inventory, and production costs are subtracted from the factories’ wallets.
Moreover, transportation advancement is simulated.
Utility Functions. The SCM world does not endow agents with utility functions. On the contrary, all utility functions are endogenous, meaning they are
engendered by the simulator’s dynamics and agents’ interactions. Endogenous
utility functions that arise as the market evolves are a distinguishing feature of
situated negotiations. In the SCM world, a major determiner of an agent’s profits is its ability to position itself well in the market via successful negotiations,
which in turn depends on the utility functions it uses to guide its negotiations.
Desiderata. The SCM world satisﬁes the generic AAMAS design objectives outlined in Sect. 3, as well as the ones that are speciﬁc to situated negotiations.
First, it is possible to instantiate all the example situated negotiation scenarios described in Sect. 2. For example, by disabling banks, insurance companies,
transportation companies, and factory managers, so that only miners and consumers negotiate about the price of a ready-made product to be delivered at a
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ﬁxed time, it is possible to model negotiation with outside options [9], where the
outside options are other agents trading the same product. Second, the environment is a simulation of a real-world marketplace in which business intuitions
can be applied to generate and test automated negotiation strategies. Finally, a
canonical implementation of the SCM world simulation is available as an open
source library [13], to enhance reproducibility and provide a common platform
to advance the state-of-the-art in situated negotiations.

5

ANAC 2019 SCM League

One way to expedite the widespread use of a common benchmark environment
throughout a research community is to sponsor a competition in the environment. To this end, in 2019, the SCM league (SCML), based on the SCM world
design was organized as part of the Automated Negotiation Agents Competition
(ANAC) [7], held at the International Joint Conference on AI.
SCML ’19 is one relatively simple instantiation of the SCM world. The simpliﬁcations were design choices aimed at reducing any complexity in the SCM
world that did not immediately pertain to situated negotiations, so as to provide
a relatively straightforward setting in which to develop innovative negotiation
strategies, while at the same time ensuring a suﬃcient level of activity. Specifically, in SCML ’19, activity was measured via business size, deﬁned as the
total monetary value of all successfully executed contracts. The design was then
optimized in attempt to avoid market blockage, namely a business size of zero.
SCML ’19 ignored logistics (i.e. no transportation companies were simulated).
Instead, all products were transported between all entities free of charge, after
a predeﬁned constant delay (which was set to zero). In addition, warehouse
capacity was inﬁnite. The bank was disabled and all agents were initialized with
large balances to avoid the need for loans. These simpliﬁcations, which sidestepped cash ﬂow, storage limitations, and logistic complications, were intended
to lower the barrier to entry in the initial year of the competition.
The insurance company was not removed from the simulation. Agents interacted with the insurance company via the ultimatum mechanism: i.e., the latter
made a single ﬁnal oﬀer of an insurance policy, which the agent could accept or
reject, without any possibility of haggling. All other agreements were reached
via bilateral negotiations, using the alternating oﬀers protocol [3], in which
agents exchange oﬀers and counteroﬀers.
The production graph used in SCML ’19 was organized as a single chain, with
a single raw material, a single ﬁnished good, and a set of intermediate products.
To manufacture each product, there was but a single process that consumed one
item of the product just before it in the chain.
The SCML development team designed the miners, the consumers, and the
insurance company. The job of the participants was to develop a factory manager. The development team also provided a baseline factory manager, whose
strategy is described in Sect. 6. This agent was an eager business partner, and
thus participated in the competition to ensure suﬃciently many trading opportunities, thereby increasing the business size metric.
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The behavior of the built-in agents make SCML ’19 a pull economy, meaning it is demand driven. Proactive consumers drive demand by posting buy
CFPs. Baseline factory manager agents react by responding to the consumers’
buy CFPs (oﬀering to sell), and then post their own buy CFPs further down the
chain. Miners at the far end of the chain are similarly reactive.
Consumers. Consumers in SCML ’19 are proactive. They post buy CFPs, which
drive the supply chain. The negotiation agendas that characterize these CFPs
reﬂect the consumers’ utility functions, which in turn are characterized by consumption schedules that usually cannot be fulﬁlled via a single factory during a
single time step, but instead require multiple of one or the other or both, and
hence create a situated negotiation scenario.
A consumer c’s utility of consuming a ﬁnished good is determined by its proﬁle πc . This proﬁle includes a predeﬁned consumption schedule Sc that deﬁnes,
for each step, a preferred quantity to consume, as well as overconsumption and
underconsumption penalties, Ôc and Ûc , respectively. Thus, the utility functions
reward consumers who follow their schedules closely, and penalize deviations
from them. These assumptions lead to the form of consumers’ utility functions
shown in Eq. 1.
Given an outcome (u, q, t), denoting unit price, quantity, and execution time,
respectively, consumer c’s utility is given by

0,
u < 0 or q < 0 or t < 0
Uc (u, q, t) =
τq ,U,O
τu ,βu
αu hu
(u) + αq hq
(q, S (t)) , otherwise
(1)
The parameters α∗ , where ∗ is the issue name (i.e., ∗ ∈ {u, q}), are values
in (0, 1) drawn from a Dirichlet distribution that varies with the consumer.
The parameters βu , τu , τq , U , and O, are drawn from a normal distribution that
likewise varies with the consumer.
τu ,βu
(x) =
The function hτuu ,βu is monotonic in the unit price, x ∈ R+
0 : hu
τ
,U,O
τ
q
u
takes as input two quantities; the ﬁrst is speciﬁed
− (x/βu ) . The function hq
by the outcome, and the second, by the consumer’s schedule at time t. This
function has the following form:

y−x τq
e−U ( y )
x ≤ y ∧ y = 0
τq ,U,O
τq
(2)
(x, y) =
hq
−O ( x−y
)
y
e
x ≥ y ∧ y = 0
With every negotiation opportunity a fresh utility function is created based
on the consumer’s proﬁle. Consequently, even if a consumer already engaged in
a failed negotiated with another agent about an existing CFP, it will behave
diﬀerently the next time, so their negotiation may as yet succeed.
Miners. Miners in SCML ’19 are purely reactive. They wait for buy CFPs for
the raw material to be posted, and respond, based on their utility functions, to
all whose negotiation agendas are consistent with their mining abilities. Note
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that miners’ utilities are not coupled across negotiations in the same way that
consumers’ are, because a miner’s total proﬁt across negotiations is simply the
sum of its proﬁts in its individual negotiations.
A miner m’s utility of mining (i.e., generating) any quantity of a raw material
is determined by its proﬁle πm . At a high-level, miners should prefer to mine
fewer raw materials, as late as possible, which it should then aim to sell the
highest possible prices. However, in an attempt to increase business size, miners
preferred to mine more, rather than fewer, raw materials. These assumptions lead
to the form of the miners’ utility functions, described in Eq. 3, and generated in
an analogous way to consumers’.
Given an outcome (u, q, t), denoting unit price, quantity, and execution time,
respectively, miner m’s utility is given by

0,
u < 0 or q < 0 or t < 0
(3)
Um (u, q, t) =
αu gu (u) + αq gq (q) + αt gt (t) , otherwise
The parameters α∗ , where ∗ is the issue name (i.e., ∗ ∈ {u, q, t}), are values
in (0, 1) drawn from a Dirichlet distribution that varies with the miner. The
parameters τ∗ and β∗ , where ∗ is again the issue name, are drawn from a normal
distribution that likewise varies with the miner. The functions g∗ are monotonic
τ∗
x
in the issue value, x ∈ R+
0 : g∗ (x) = ( /β∗ ) .
With the goal in mind of optimizing business size, the following design choices
were made for SCML ’19: Baseline factory managers always bought insurance.
The insurance premium was relatively cheap (10% of the outcome’s total value),
and did not increase all that much with breaches, and breach penalties were
minimal (2%). These choices eﬀectively prevented market blockage, and favored
larger business sizes, as shown in Sect. 7.

6

Strategies

There are inherent diﬃculties in building a realistic simulation environment.
Figuring out how to best trade oﬀ time and/or space complexity for realism, for
example, can be challenging.
SCM factory managers face multiple challenges, including: (1) strategic placement of CFPs (i.e., proactively initiating negotiation opportunities), (2) reacting
to negotiation requests from others, (3) creating utility functions for negotiation
threads, (4) negotiation strategies for each thread, (5) inventory control, and (6)
production scheduling. An SCM agent strategy encompasses all the heuristics a
factory manager uses to address these six challenges.
In this section, we describe three agents strategies we developed for the SCM
world, as instantiated in SCML ’19. The ﬁrst was designed as a baseline strategy, upon which participating teams could base their design. This strategy tackled the embedded negotiation aspect of SCML (see Sect. 2), albeit heuristically.
The second strategy focuses on procurement, and draws inspiration from the
newsvendor model [15], by formulating a discrete optimization problem whose
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decision variables are the quantity of inputs to buy. The solution to this problem is useful in deciding what buy CFPs to post, and what sell CFPs to respond
to. The third strategy tries to ﬁnd a negotiation agenda—speciﬁcally, a price—
that is both proﬁtable from its point of view and, at the same time, acceptable
to other agents. By working to artiﬁcially inﬂate prices, this strategy aims at
altering the trading environment in which the agent is situated to promote itself.
Greedy Factory Manager: A Baseline. The Greedy Factory Manager (GFM)
was designed to showcase all the components needed to design a factory manager
for the SCM world. GFM was also intended to be run in all simulations so that
it could ensure suﬃcient business size, even at the expense of being proﬁtable.
GFM’s strategy overcontracts, which avoids starving factory managers at earlier
levels in the supply chain, but results in many breaches of contract.
The GFM agent employs a reactive-seller, proactive-buyer strategy, much
like consumers. It is reactive in that it requests negotiations with the publishers of all buy CFPs about the product it produces, as long as it can schedule
the desired quantity of the product of interest to be manufactured within the
proposed delivery time. When such a negotiation request is accepted, GFM calculates the utility of the potential sell contract as the marginal utility of its
outcome, given all existing (buy and sell) contracts, pessimistically assuming
that any ongoing negotiations will fail.In this way, the controller decomposes
the agent’s global utility function, which values the potential outcomes of multiple negotiations, into local utility functions, which values only one outcome.
GFM then spawns a negotiator, endowed with the corresponding marginal utility as its utility function. These negotiators embody embedded negotiations, in
the sense of Sect. 2.
After a sell contract is signed, the consumption schedules of the necessary
inputs are increased accordingly, and GFM then proactively places buy CFPs,
using the same placement strategy as consumers (Sect. 5). The utility of each
potential buy contract is calculated using Eq. 1, taking as the target consumption schedule the production demands of all existing sell contracts. When it
accepts another agent’s request to negotiate, GFM spawns an internal consumer
agent, which in turn spawns a negotiator with this utility function. Similar to
consumers, the GFM controller couples these negotiators through utility functions that depend on a shared consumption schedule. Whenever a contract is
signed or executes successfully, the utility functions of all ongoing negotiations
are updated to reﬂect a change in production demands and production line
occupancy. Likewise, GFM recalculates the marginal utilities of all potential sell
contracts whenever a contract is signed or executes successfully.
GFM uses a simple time-based negotiation strategy [4]. At time step t, it
oﬀers an outcome with the minimum utility above the so-called aspiration
4
level a, which deceases over time as follows: a(t) = 1 − (t/T ) . Here T is the
maximum number of negotiation steps, a value speciﬁed by the protocol. GFM
accepts an oﬀers if its utility is at least the utility of its own ensuing oﬀer at the
current aspiration level.
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The GFM agent is so called because it uses a greedy heuristic to scheduling
production. This heuristic aims to produce outputs as late as possible, in attempt
to increase the negotiation power of the agent when buying inputs.
Newsvendor Model Agent. The Newsvendor Model Agent (NVM) takes
inspiration from the newsvendor model [15], a classic model in operations
research used to model the choice of an optimal inventory level for a perishable product (e.g., a newspaper). The NVM agent plans for some ﬁnite horizon,
assuming that unsold inputs and outputs at the end of that horizon will have
no value. Analogous to newsvendor models, an agent implementing this strategy
tries not to over- or under-produce during its planning horizon. They do not
want to stock too many products, as any excess (whatever does not sell) will go
to waste; but they also do not want to stock too few, as any shortage will result
in lost sales.
At each time step t, an SCML agent faces (at least) four decisions: the quant
; the price at which to buy those inputs, xtin ; the quantity
tity of inputs to buy, yin
t
of outputs to sell, yout ; and the price at which to sell those outputs, xtout . The
goal of the NVM agent is to maximize its total expected proﬁts over a ﬁnite time
horizon, in the face of uncertain and non-stationary elastic demand.
The NVM agent models the uncertainty it faces at time step t by a joint distri.
t
t
t
≤ ptin , Qtin ≤ qin
, Pout
≤
bution Gt = GtPin ,Qin ,Pout ,Qout , where GtPin ,Qin ,Pout ,Qout (Pin
t
t
) is the cumulative probability that, at time t, qin
units of the
ptout , Qtout ≤ qout
t
units of the output out
input in will be sold at price ptin per-unit, and qout
t
(respectively, GQtout , GPint , and
will be sold at price ptout . We denote by GPout
GQtin ) the marginal distribution over output prices (respectively, output quantities, input prices, and input quantities). GPin ,Qin ,Pout ,Qout was estimated by a
histogram, which was constructed from data obtained oﬄine, via repeated simulations between one NVM agent and one GFM at each of the other levels in
the production chain. For SCML ’19, a histogram was a suﬃcient representation
because of the small number of trading quantities entertainined by GFM agents.
Given a ﬁxed time horizon T , a plan of action is deﬁned as a collection of
tuples P = {(xt , yt , zt )}Tt=1 . This plan completely speciﬁes for each time period
t = 1, . . . , T, the number xt of inputs to buy, yt of outputs to sell, and zt of
inputs to turn into outputs. A plan is feasible if it can be executed, i.e., if at
every time step there are enough inputs to be bought, enough outputs to be
sold, and enough inputs to be converted into outputs.
More formally, the goal of the NVM agent is to ﬁnd a feasible plan that
maximizes its total expected proﬁts over the time horizon T :


T
t
t
t
t
max EQtin ,Qtout
t=1 pout min(yt , Qout ) − pin min(xt , Qin ) − Cost · zt
x,y,z

s.t.

zt
yt
zt
xt , yt , zt

≤ Capacity
t−1
≤ Ot = k=1 zk − yk
t−1
≤ It = k=1 xk − zk
≥0

(4)
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All these constraints must hold for all time steps t ∈ {1, . . . , T }, with initial
conditions O1 = I1 = y1 = z1 = 0. Variables Ot and It are auxiliary variables
representing the output, respectively the input, inventory levels at time t. The
initial conditions specify that, at the beginning of the planning horizon, the
agent has no inputs nor outputs in storage, and hence, cannot produce or sell
outputs. Note that these initial conditions can easily be changed; thus, the agent
can plan diﬀerently given non-zero storage. Cost is the agent’s private, per-unit
production cost, while Capacity is the maximum number of inputs that can be
converted into outputs during a single time step. The current version of NVM
t
t
] and ptout = E[Pout
].
sets ptin = E[Pin
At each time t, NVM solves for an optimal plan of action.1 Given this plan,
the agent posts a single buy CFP with quantity range (max(1, y1 − δq ), y1 + δq ),
t
], and time
price range between 0 and the expected catalog price ptin = E[Pin
2
range (t+δ t , t+δ t ). Additionally, NVM requests negotiations with publishers of
sell CFPs. With suﬃcient (e.g., unlimited) negotiation resources, it can conduct
negotiations that are consistent with its optimal plan of action with any agent
who is interested in negotiating about anything.
To estimate the utility of a potential buy contract, NVM uses an ad hoc
function deﬁned solely in terms of price, namely u(p) = 1 − p, which means the
agent prefers lower prices, at all possible values of quantity and time. The utility
of a potential sell contract is calculated in terms of both price and quantity, as
u(p, q) = e(p−1.5) q, if p > 0 and −∞ otherwise. In other words, NVM prefers to
sell many outputs at higher prices, provided the price is not zero. An independent copy of the relevant (buy or sell) utility function is used in all concurrent
negotiations.
Like GFM, NVM operates as a reactive seller (requesting negotiations with all
publishers of buy CFPs) and uses the built-in aspiration-level negotiator. Unlike
GFM, upon receiving a delivery of inputs, it immediately sends the inputs to
one of its production lines, where they are scheduled in a FIFO fashion.
Self-Adjustable Heuristic Agent (SAHA). Rather than redesign the various components of an agent (negotiators, utility functions, scheduler, etc.), the selfadjustable heuristic agent (SAHA) implements a high-level behavior on top
of GFM. Speciﬁcally, SAHA imports the aspiration-level negotiator, the utility
functions, and the baseline scheduler from GFM. The main focus of SAHA is
then on strategic placement of CFPs with the intent of achieving a high proﬁt
margin. Moreover, the interaction of multiple SAHA agents, all aiming for higher
proﬁt margins, artiﬁcially inﬂates (deﬂates) the prices of its sell (buy) contracts.
When selling (buying) products, SAHA posts CFPs with progressively higher
(lower) prices until the other agents start rejecting their proposals outright.
SAHA then decreases (increases) prices until it enters into negotiations again,
always seeking to post CFPs with prices near the highest (lowest) observed
1
2

Details of the dynamic program we used to eﬃciently solve (4) for optimal plans are
left for a longer version of this paper.
These parameters were manually tuned to δ t = 5, δ t = 15, and δq = 5.
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acceptable price. We observed in our experiments that over time, the agent’s
buying and selling price ranges seem to stabilize. In more detail:
1. SAHA requests a negotiation with the publisher of a buy CFP for its outputs,
or it counters with a modiﬁed negotiation agenda in its desired price range.
2. SAHA requests a negotiation with the publisher of a sell CFP for its inputs,
up to a stock limit, again within its desired price range.
3. SAHA posts sell (buy) CFPs for all the outputs in inventory (inputs needed).
4. If SAHA enters into a negotiation and it fails, it reverts the desired price
range for that product to its previous value.
The SAHA agent maintains a set of records based on past and current CFPs
containing each product’s minimum and maximum prices. Whenever a new CFP
is posted, or the agent reaches an agreement, the records are updated with the
new information, and the product price ranges for that product are recalculated,
adding or subtracting an increment as follows: Buying Range = [0, CP + Δ1 CP],
where CP is the catalog price for the product and Δ1 is the buy increment;
ans Selling Range = [M − Δ1 M, M + Δ2 M ], where M is the maximum price
observed for that product, Δ1 is the buy increment and Δ2 is the sell increment.
The agent will create a set of 20 prices for the negotiation between those ranges
in order to avoid a negotiation fail due to a timeout.
We tuned the agent’s behavior by optimizing three hyperparameters: the
minimum elapsed time until entering a negotiation; the maximum inventory
level at any time; and the buy and sell increments used to create price ranges.

7

Experiments

This section describes a series of experiments that we ran to evaluate the three
aforementioned agent strategies for managing a factory in the SCM world. The
following round-robin design was employed. A set of N random world conﬁgurations were generated. For each conﬁguration, two sets of factories, each of cardinality F , were selected. For each of the three possible combinations of agents
(i.e., GFM vs. NVM, GFM vs. SAHA, and SAHA vs. NVM), two simulations
were conducted, one with each of the two sets of factories managed by each of
the two competing agents. In total, each of the N world conﬁgurations was simulated 3 × 2 = 6 times. An agent’s score in a single simulation is the proﬁt it
Table 1. Results of a Comparative Study using the SCML ’19 settings.
Strategy Median Mean (±Std.)
NVM

0.315

0.221 (±0.636)

SAHA

0.168

0.401 (±0.628)

GFM

−0.055 −0.107 (±0.154)

Kolmogorov-Smirov Test Statistic (p-value)
NVM SAHA
GFM
–

0.213 (0.046) 0.625 (1.359 × 10−14 )
–

0.588 (6.059 × 10−13 )
–
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achieves as a fraction of its initial wallet balance (which was set to 1000 for these
experiments, for all agents). All agents’ scores in all simulations were collected
and analyzed, as described in the following subsections.
In the ﬁrst experiment, the settings used in the ANAC SCML ’19 standard
track league (Sect. 5) were used [12]. Twenty diﬀerent world conﬁgurations were
employed, with one factory per strategy per simulation (F = 1), leading to 120
world simulations and 240 scores per agent. A summary of the results of this
experiment is presented in Table 1. SAHA achieved the highest average score
while NVM achieved the highest median score. The diﬀerence in score distributions between SAHA and NVM was not statistically signiﬁcant, according
to a factorial two-sided Kolmogorov–Smirnov test with a Bonferroni multiplecomparisons correction (t = 0.213, p = 0.046 > 0.05/3). Both agents achieved
higher scores than the baseline GFM agent (p < 1.4 × 10−14 for NVM, and
p < 6.1 × 10−13 for SAHA).

(a) Wallet Balance

(b) Inventory Size

Fig. 2. Evolution of wallet balance and inventory size over time.

Figure 2a shows the evolution of the three agents’ wallet balances and inventory sizes over time. NVM’s evolving wallet balances and inventory sizes accurately reﬂects its strategy: its wallet balance initially decreases while its inventory
size increases, as it accrues inputs to manufacture into outputs; its wallet balance
then begins to recover (around time step 20), when it starts to do more selling
than buying. SAHA, in contrast, tries to create favorable market conditions from
the beginning, and achieves a nearly monotonic increase in both its wallet balance and its inventory size. By the end of the simulations, NVM and SAHA
tend to achieve similar wallet balances, and similar inventory sizes, thought
Table 2. Eﬀect of the insurance company on the market.
Condition

Negotiations Agreements Contracts Executed Business size

Without Insurer 5867.5

3559

1068.5

397.5

2379.25

With Insurer

3781

983

472.5

3927.58

5299
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NVM, because of its lookahead, does a better job of unloading excess inventory
at the very end than SAHA. GFM’s balance, on the other hand, decreases almost
monotonically, due to its tendency to overcontract.
The insurance company was introduced into the SCM world to increase business size. To assess whether it was successful in achieving this goal, we reran the
experimental design used in the comparative study, but without the insurance
company. The results of this experiment are presented in Tables 2 and 3.
In Table 2, we see that although there were more agreements reached in the
presence of the insurance company, there was also an 8% reduction in the number
of contracts signed, likely because of the cost of insurance. (GFM and SAHA
always buy insurance; NVM never does.) Nevertheless, there was also a 16%
reduction in the number of breached contracts, because breaches at lower levels
of the production chain did not automatically cause breaches at higher levels.
This in turn led to a 65% increase in business size, which demonstrates that the
insurance company did provide the beneﬁts for which it was designed.
Table 3. Results of the Comparative Study without the insurance company.
Strategy Median Mean (±Std.)

Kolmogorov-Smirov Test Statistic (p-value)
NVM SAHA

NVM

0.077

−0.044 (±0.524) –

−0.37 (1.22 ×

SAHA

0.257

0.421 (±0.477)

–

GFM

−0.050

−0.071 (±0.112)

GFM
10−24 )

0.448 (7.612 × 10−36 )
0.603 (1.247 × 10−64 )
–

We now brieﬂy investigate how heavily each of the three agents relied on
the insurance company (Table 3). SAHA appears to be least dependent, with
its median proﬁt increasing by 16.8%, and with almost no change in its mean
proﬁt. This robustness allowed SAHA to outperform both NVM and GFM, and
the diﬀerence is statistically signiﬁcant after a Bonferroni multiple-comparisons
correction (p < 1.3 × 10−64 for NVM) and (p < 7.7 × 10−36 for GFM).
Our experimental results suggest that NVM and SAHA are more successful
factory managers in the SCM world than the baseline GFM. NVM’s performance
has lower variance in the presence of the insurance company, while SAHA has
better average performance and is especially robust to the omission of the insurance company. It remains to be seen, however, whether GFM might be more
competitive if it were not parameterized to maximize business size.

Conclusion
This paper described a common benchmark simulation environment, which is
available as an open-source library, and can thus serve as a sandbox to advance
research on situated negotiations. We presented a set of desiderata we believe
this kind of simulator should satisfy in order to be a useful model of real-world
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negotiation scenarios, and argued that the proposed benchmark satisﬁes them.
We then described the SCM world, as well as SCML, an automated negotiation
competition, that was run in 2019 using this benchmark. A baseline strategy for
this competition, along with two other competitive entrants, were also described
and evaluated. In future renditions of SCML, we expect to alter the SCM world
simulation in light of the lessons learned in 2019. Ultimately, our goal is to design
and build environments that isolate various aspects of situated negotiations to
promote the development of automated negotiation strategies.
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