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Abstract 

Abstract. This paper focuses on knowledge empowered automated negotiation systems for 

buyer-centric multi-bilateral multi-attribute e-Procurement. We propose two knowledge 

empowered models, namely KERM and KACM. KERM is used for the buyer to determine a 

list of suppliers which are the best qualified candidates to negotiate with. The use of 

knowledge features largely in the model, which incorporates both the buyer’s and supplier’s 

profiles in evaluating a quote. Historical trade records of a supplier contribute to the 

supplier’s profile credit and therefore the rank of the supplier’s quote. KERM also allows the 

flexibility to assign appropriate weights, based on buyer’s interests, to each knowledge factor 

affecting the overall evaluation result of a quote. The resulted list of quotes of high rank is 

believed to produce satisfactory negotiation result for the buyer. KACM enables an 

automated concession process, while at the same time facilitates a flexible negotiation via the 

use of concept switch and tagged rules. Different from other negotiation models, KACM 

emphasizes the utilization of knowledge originated from the historical negotiation data in 

estimating and fine-tuning the negotiation parameters, for improving the performance of 

automated negotiation. Graph results show that our software prototype system makes 

significant improvement in the satisfaction level of negotiation results. 
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1. Introduction 

Buyer-side e-Procurement is usually characterized by that the buyer solely owns and 

controls the system. Consider an e-Marketplace in which a buyer wants to purchase a 

product with multiple attributes. Many suppliers may provide the same product but perhaps 

with different partially matching attributes. The buyer would use the buyer-side system 

mainly for his own procurement. He is the only buyer in the system, being able to 

interact with many sellers for the advantage of letting the sellers compete among each 

other in order to obtain the best deal. One way is done by tendering where the prices 

and terms quoted by one seller are probably visible to the other sellers, as in the general 

practice of simple bidding (Wu and Gan, 2007) and various types of auction (Passch et 

al., 2001; Fatima, 2007). The other approach is through private negotiation with each 

selected seller after they have returned their offers in each round (Peri and 

Gardiner,1993; Rinderle and Benyoucef, 2005). Our research work is focused on the 

latter approach, where there is one buyer that solicits quotes from multiple sellers, 

evaluates and shortlists the qualified sellers, then proceed to individually negotiates 

with the selected sellers for the best deal. 

Aiming at the efficiency and capability to cover many sellers in a session, high speed and 

automation are two main requirements to shorten the process time. In practice, one of the 

approaches to achieve this is to employ autonomous agents (Jennings et al., 1996) as 



representatives of human buyers and sellers. In many real-life scenarios it is important 

that the agents should not only bargain over the price of a product, but also take into 

account of other variables such as delivery time, payment methods, and any product 

specific properties which are considered negotiable.    

With agent-mediated negotiation in e-Commerce, a big challenge resides in 

knowledge management. A huge amount of data generated from transactions include 

but are not limited to products specifications, orders, shipping information, customs 

information, particulars of traders and related parties, and also possibly dialogues of 

negotiations. It is a matter of what and how these data could be reused as some form of 

knowledge in both current and subsequent dealings. Some previous research (Reeves, 

2000) attempted fusing knowledge into agent communication languages and negotiation 

functions, based on mostly rule-based and/or logic-based approaches. Here, we provide an 

alternative approach in directly integrating knowledge into negotiation functions. 

 

2. Multi-Bilateral Multi-Attribute Negotiation Life Cycle 

In a buyer-side e-Procurement system, the buyer is engaged in multi-bilateral multi-

attribute negotiations with selected suppliers, and will seek for a most satisfactory deal with 

one of the suppliers from the negotiations. The state of the art of negotiation life cycle is 

represented by three classical models: Robinson’s model (Robinson and Volkov, 1998), 

Kersten’s phase model of negotiation (Kersten, Noronha, 1999) on which Negotiation 

Support Systems (NSSs) are usually based, and Li’s negotiation life cycle model (Li, 

2001). Robinson’s model includes three phases in the negotiation life cycle: analysis, 

interaction design, and negotiation implementation. Analysis is to describe and 

formalize the negotiation goals. Interaction is to plan for achieving the negotiation 

goals by interactions with the counterparts using appropriate techniques. Negotiation 

implementation is to engage in the interactions using appropriate negotiation protocols 

and tools. However, there is little work on knowledge utilization on the analysis and 

negotiation implementation phases. The paper (Robinson and Volkov, 1998) discusses 

negotiations in the context of labor/management negotiations as a conceptual model. 

Details about implementing an automated system to support the negotiation life cycle 

are not there. The conflict resolution methods discussed in the paper are largely based 

on alternative searching, instead of mutual concession, which is frequently used in e-

Business negotiations. Kersten’s phase model divides negotiation into three phases: pre-

negotiation, conduct of negotiation, and (optional) post-settlement. The model is 

relatively simple. However, it has not emphasized on knowledge use.  

Li’s negotiation life cycle model (Li, 2001) combines the phases of the above two 

models and introduces a four-phased model including analysis, design, execution, and 

post-negotiation analysis. The analysis phase mainly deals with the specifications of 

negotiation contexts, policies, and goals. The design phase deals with the design and 

specification of alternative decision-action rules to be used by a negotiation system and 

strategic rules. The execution phase deals with the processing of negotiation 

transactions in an automated negotiation system. The outcomes of negotiation processes 

are gathered and used in the post-negotiation analysis phase to provide feedback to all 

the preceding phases. However, as the author claims, bilateral negotiation discussed in 

(Li, 2001) is just one ‘thread’ in a multi-lateral negotiation effort. We opt to have a 

model where replied quotes from multiple suppliers would be evaluated together, and 

multi-lateral negotiation will be subsequently followed. In general, the classical model 

did not cover the aspects of making use of experience, knowledge, and history 

negotiation records in the current negotiation.   



 We therefore extend Li’s negotiation life cycle model in two ways. First, in order to 

locate a group of suppliers that the buyer can potentially negotiate with, an evaluation 

and ranking phase is needed before the negotiation execution phase. Second, knowledge 

about buyer’s preference, suppliers’ profiles, and experience from past negotiation 

records should be in some way utilized in both the evaluation and ranking phase, and 

the negotiation execution phase. Based on the above three models, we propose a four-

phased multi-bilateral multi-attribute negotiation life cycle model, as shown below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1.  Multi-bilateral multi-attribute negotiation life cycle. 

 

3. Knowledge Empowered Automated Agent Negotiation Model 

We define the model of knowledge empowered automated agent negotiation as a 5-tuple 

<C, A, NP, KERM, KACM>.   

C stands for clients. Clients in automated negotiation are people who represent the 

interests of different business enterprises that participate in negotiations (Li, 2001). 

These people may play different roles and serve different functions in negotiations. For 

example, the role of the Buyer defines the procurement requirement, preferences 

scoring, and aggregation methods. The role of the Supplier provides the specifications 

of products and services. The role of the Negotiation Expert provides the domain 

knowledge and negotiation expertise needed to conduct a satisfactory automated 

negotiation. 

A stands for agents. Three kinds of agents are defined for performing tasks on behalf 

of their clients: information agents, knowledge agents, and negotiation agents.  
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NP stands for negotiation protocol. To conduct an automated negotiation, negotiation 

agents must follow a well-defined protocol, which specifies what alternative actions can 

be taken at different states of a negotiation process. 

KERM stands for Knowledge empowered Evaluation and Ranking Model. This 

model is used by the buyer to short-list some suppliers which are the best candidates to 

negotiate with. The knowledge used to assist in the decision making process includes 

buyer’s preferences and suppliers’ profiles. During an automated negotiation process, 

evaluation of quotes or proposals is also needed to form the counter-proposal. 

KACM stands for Knowledge empowered Automated Concession Model. This model 

is used to compute the concrete concession amount in constructing a counter-proposal 

during each negotiation round. We extend the Jonker’s model (Jonker and Treur, 2001) 

to allow the setting of automated negotiation parameters rely on history records, so that 

the past experience can be utilized in the current negotiation and better results can be 

achieved. 

Table 1.  A brief description of the notations defined in this chapter. 

Notation Description 

RFQ 

Suppliers 

Quotes 

n 

PS 

PQ 

m 

Tk_PQ 

Tk_PS 

k 

Request for Quote produced by a buyer. 

The set of Suppliers such that {S1, S2, …, Sn}. 

The set of collected Quotes such that {Q1, Q2, …, Qn}. 

The number of suppliers. 

The set of potential suppliers. 

The set of potential quotes. 

The number of suppliers in PS. 

The set of top-k quotes in a rank list of PQ. 

The set of suppliers corresponding to quotes in Tk_PQ. 

The number of suppliers in Tk_PS. 

 

3.1. Agents in the Proposed Model 
 

Knowledge management is important in many scenarios where agent negotiation is performed 

based on knowledge instead of rules and logics alone. To incorporate necessary negotiation 

knowledge, three kinds of agents are defined in the knowledge empowered automated 

negotiation model: information agent, knowledge agent, and negotiation agent. The agents 

from the buyer’s perspective are illustrated in Figure 2. 

An information agent is responsible for manipulating data about the negotiation context 

stored in a data repository. It works locally on a client’s machine, processes on the elementary 

information provided by the client, and provides information to both knowledge agent and 

negotiation agent whenever necessary. The role of information agent on behalf of buyer 

includes specifying procurement requirement, preference scoring and aggregation methods.  

A knowledge agent is equipped with knowledge management capabilities. The workspace 

of it consists of a knowledge repository that keeps the general knowledge, and a rule base that 

maintains the rules specified by the buyer. A knowledge agent formulates the negotiation 

knowledge from domain knowledge and expertise provided by the negotiation expert. It 

serves a negotiation agent as a back-end assistant in providing the knowledge which is needed 

in a negotiation scenario.  

Given a negotiation context with all the information specified and knowledge formulated, a 

negotiation agent is responsible for the following steps: 1) Receive a preliminary set of quotes 

from suppliers; 2) Perform assessment on collected quotes and screen for a qualified set of 

quotes according to buyer’s procurement requirement; 3) Rank the qualified quotes into a 



short list of decreasing order of the satisfaction levels perceived by the buyer; 4) Select a list 

of quotes of high rank. For each supplier on the short-list, conduct a bilateral negotiation with 

the supplier’s agent in an automated way. Coordinate and evaluate the multiple bilateral 

negotiations; 5) Determine the best deal from the multiple bilateral negotiation results. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.  Agents in the proposed model. 

 

3.2. Knowledge Models 

Adequate knowledge is important for the buyer to reach a satisfactory deal with his 

suppliers. We propose two models for this purpose: KERM in the quotes evaluation and 

ranking phase, and KACM for automated negotiation concession. They are designed to 

operate under a knowledge framework called Knowledge Bead (KB). More details on 

the knowledge representation using KB’s and its methodology can be found in (Fong 

and Zhuang, 2002; Zhuang et al., 2003). 

 

3.2.1. Knowledge Empowered Evaluation and Ranking Model (KERM) 
 

The proposed evaluation and ranking model provides a quantitative measure of the 

quotes and suppliers. The buyer applies a utility function over all the collected quotes 

and their suppliers. The value of the utility function, namely U  is a real number 

ranging from 0 to 1.  

Agents are assumed rational; they try to maximize their utilities and behave 

according to their predefined preferences. The nature of the utility function depends on 

the negotiation knowledge used in the evaluation. In general, a received quote i is 

evaluated according to the requirements specified in the RFQ: 
RFQ

iU : Qi � R ∈ [0, 1] 
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The utility gives the buyer a basic perception about how much the quote has matched 

his procurement requirement. Most of the procurement systems (Barbuceanu and Lo, 

2001; Sycara,1992; Gutman et al., 1998; Cerquides et al., 2007) select the best offers 

based on this quote utility. However, in a real procurement scenario it is quite often for 

the buyer to take other factors into account. A specific payment method is one example. 

Besides, if two offered quotes have the same utility, the buyer may prefer a supplier 

who has a better reputation. The reputation evaluation is based on the experience 

obtained from the supplier. It comes from the past negotiation and trade records, and is 

stored in the supplier’s profile at the buyer’s local knowledge base. The supplier Si 

which provides the quote Qi is evaluated according to the appropriate knowledge 

domain (K) other than RFQ: 
K

iU : Qi ∪∪∪∪ Si � R ∈ [0, 1] 

Combining the evaluation results based on both the RFQ and other relevant 

knowledge, KERM produces a ranked list according to some specific ranking criterion 

set by the buyer. 

 

3.2.2. Knowledge Empowered Automated Concession Model (KACM) 
 

After the quotes evaluation and ranking phase, bilateral negotiation with each short-

listed supplier is carried out in an automated way in the negotiation execution phase. 

During the evaluation of a received quote, a negotiation agent may find that some of the 

requirements of its client are not fully satisfied. In this case, some of these requirements 

need to be changed via exchanging a series of counter-proposals. This usually involves 

adjusting the concession in constructing the next counter-proposals along the way. 

In finding the concession amount to be made in a counter-proposal, two types of 

concession models are widely used: static concession and dynamic concession. Static 

concession controls the amount of concession based on some pre-defined functions. 

This may lead to sub-optimal results. To improve on this, dynamic concession models 

take the negotiation behavior of the other negotiation party into consideration. A model 

of automated concession is proposed in (Jonker and Treur, 2001; Jonker 2007). This 

model takes the heuristic approach by using the incomplete preference information 

revealed by the negotiation partner in order to improve the efficiency of the reached 

agreements. History of the supplier’s bids in the current negotiation is used to predict 

the supplier’s preferences. Jonker’s model (Jonker 2007) further allows agent to take 

into account not only their own weights, but also those of the supplier in order to 

compute the next bid. 

However, in Jonker’s model the past negotiation and trade records were not taken 

into account. We argue that history data comprises important knowledge to improve the 

satisfaction level of the reached agreements. The history knowledge provides a heuristic 

by which an agent can estimate the progress to be made in the concession computations. 

The concessions in the multi-bilateral negotiations will then reflect the difference in 

negotiation partners’ profiles. For example, when the buyer is dealing with a supplier 

who has a good credit in the buyer’s history record, the buyer may consider to bargain 

further in the current negotiation. Moreover, the past concession of a particular supplier 

can also be used as a reference in the determination of the current concession. After the 

concession has been determined for the counter-proposal, the selection of a proper 

value for an attribute or an alternative concept can be automatically guided by a rule, 

which is predefined in the specification and design phase. 

Reasoning in KACM is characterized by a heuristic model that applies the history 

knowledge into the current negotiation context to improve negotiation efficiency. A 

thorough description of KACM is presented in the subsequent section. 



4. Knowledge in Automated Negotiation 

In the multi-bilateral multi-attribute negotiation life cycle, there is plenty of data which 

can be collected, manipulated and utilized. In this section, we describe what and how 

knowledge plays a role in automated negotiation. We define the types of knowledge namely 

General Knowledge and Negotiation Knowledge, respectively in the negotiation process. 

 

4.1. General Knowledge 

General knowledge in the negotiation life cycle contributes to the formation of the 

fundamental knowledge framework of the current negotiation context. It is used for 

estimating and fine-tuning the key parameters for negotiation that in turn improves the 

success rates and average utility of the negotiation agreements for the buyer. 

 

Table 2.  General knowledge in a negotiation context. 

General Knowledge Item Description of Knowledge Comprised 

RFQ  Buyer’s procurement requirement with respect to a 

certain concept.  

Quote Supplier’s quotation based on RFQ. 

Proposal/Bid Trader’s bargain exchanged in negotiation with respect 

to a certain concept. 

Agreement/Contract Deal settled at the end of a successful negotiation. 

Procurement Concept Trader’s perception of the product.  

Buyer Profile Buyer’s general preferences. 

Supplier Profile Supplier’s credit in the current procurement domain. 

Negotiation Trace Logged messages exchanged between two negotiation 

parties during a negotiation process. 

 

4.2. Negotiation Knowledge 

While general knowledge describes the whole negotiation context, negotiation 

knowledge provides the necessary knowledge used to carry out the negotiation in an 

automated way. 

 

Table 3.  Negotiation knowledge in a negotiation context. 

Negotiation Knowledge Item Description of Knowledge Comprised 

Attribute Constraint It is to define a valid range for an individual 

attribute, or an inter-attribute relation.  

Knowledge Item Constraint It is to define relationship between a particular 

knowledge item and other relevant ones. 

Attribute Rules Negotiable conditions that govern the attribute 

requirements.  

Negotiation knowledge is formulated and specified as procurement rules and 

constraints by negotiation experts. The fundamental type of constraint is to define a 

valid range for an individual attribute, or an inter-attribute relation for multiple 

attributes within the same knowledge item. Another type of constraint is defined 

between a particular knowledge item and other relevant ones. This kind of constraint 

usually exists in a Bill-of-Material (BOM) consisting of multiple RFQs defined for 



different product items respectively. Constraints are usually used in quotes evaluation 

and ranking phase to screen for qualified quotes. They are also used in negotiation to 

screen for attributes within some predefined range. Rules are widely used to describe 

the negotiation knowledge about relationships.  

 

5. Automated Negotiation 

This section describes the automation of agent negotiation in the proposed framework. The 

discussion is in accordance with the two phases in the proposed multi-bilateral multi-attribute 

negotiation life cycle: quotes evaluation and ranking phase, and negotiation execution phase. 

 

5.1. Quotes Evaluation and Ranking using KERM 

Submitting a RFQ invites reply of a set of potential quotes, PQ. Quite often a potential 

quote may partially match all of the buyer’s requirements. This provides a negotiable 

space where the buyer and the supplier can explore options to mutually agree on a deal. 

After the negotiations, we potentially can have more than one supplier whose quotes 

may be agreed upon. Hence we rank these potential quotes in the post-negotiation 

phase, and select a top one that has the highest utility to be the final deal. 

 

5.1.1. Utility of the Quote 
 

Given a quote Qi composed of a attributes, the following equation is used to calculate the 

quote’s utility 
RFQ

iU  based on the specification in the RFQ: 

 
j
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a

j

j

ii mwU  RFQ,
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 RFQ,RFQ

∑ =
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where a is the number of attributes that compose a product or a service in the quote; 
j

im  RFQ,
 

is a matching score of the j-th attribute in the quote, indicating how much it matches that in 

the RFQ, ranging from 0 to 1; and 
j

iw  RFQ,
 is the normalized attribute weight value between 0 

to 1, it is based on the raw weight 
j

ip  RFQ,
 for the different attributes. The greater the value 

of 
RFQ

iU  the more favourable the Qi is perceived by the buyer. 
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In KERM, the degree of matching is computed by means of a fuzzy function, which 

is defined for each preference over each attribute. There are two types of attributes in 

the current KERM implementation. One is of discrete enumerated type (e.g. Boolean 

type). The other is specified by a value range (e.g. an integer range). When a 

RFQ/quote template is filled, every attribute is also associated with a tag to indicate the 

rank of the possible values. For the example in Table 4, the color of the requested 

product is one of the attributes in concern. The matching score of a given color is a 

fuzzy function which returns a value within [0, 1] interval according to a predefined 

preference template. For instance, if the quote offers a pink color, the matching score 

will be 0.75.  



 

Table 4. Evaluation descriptions for attributes of enumerated type. 

Color Value of Preference Rank Matching Score 

Silver Favorite 1 1 

Pink Preferred 2 0.75 

Black Acceptable 3 0.5 

Golden Acceptable 3 0.5 

Others Least Liked 4 0.25 

 

In the case of the enumerated type, the ranking can take any integer value. We 

assume that a smaller number is a higher rank and 1 is the highest rank. Given the rank 

number r, and the maximum rank number max_rank, the matching score mi of the given 

value of rank number r is calculated as: 

 

rankmax

irankmax
mi

_

)1(_ −−
=

 

 

 

where i is the index of rank number r in the range [1, max_rank]. The greater the value 

of the rank is, the lower is the value. For example, max_rank is the lowest rank in 

value. 

Now consider a numeric type with a given range. The matching score of the given 

value is a fuzzy function with certain slope information associated to the preference. 

For values valid within the range, the evaluation criteria can be specified as one of the 

three: 1) the bigger the better, e.g. memory of a computer; 2) the smaller the better, e.g. 

weight of a laptop; 3) the same if within a certain range, namely, flat, e.g. a buyer is not 

particular on which week day of the week the delivery falls. If there is no monolithic 

ranking in the range, the range can be further divided into a number of sub-ranges, each 

with a monolithic ranking and a matching score. For example in Table 5, assume that 

the valid range of an integer attribute is [10, 100]. Given the ranking criteria for each 

sub-range, the matching score of the sub-ranges is calculated using the same way as for 

the enumerated type. If the quote offers a value 85, the matching score will be 0.762.  

 
Table 5.  Evaluation description for attributes of numeric type. 

Valid Range Value of Preference Rank Matching Score 

[10, 40] Bigger the Better [1, 31] [0.032, 1] 

[40, 80] Flat 1 1 

[80, 100] Smaller the Better [1, 21] [0.048, 1] 

 

5.1.2. Computing Utility of the Quote in KERM 
 

KERM aims at incorporating different concerns with client’s knowledge into the evaluation 

of multiple quotes. Every concern is evaluated as a component factor, with index f, of the 

total utility 
iU  of quote i. It has a utility f

iU
K

 in some knowledge domain Kf and f

iU
K

 ∈ [0, 



1]. Similar to attributes in an RFQ, different concern factor carries different weight in 

computing the total utility. To combine all the concern factors, the total utility is therefore 

computed as: 
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where t is number of concern factors in evaluation of the total utility. 

Based on the principle of Multi-Attribute Utility Theory (MAUT), f

iU
K

 in turn is 

computed in a similar way. There are further different concerns in obtaining f

iU
K

. For each 

pertinent factor, a matching score f

jm
K

is associated to denote how close the factor’s current 

status is compared to the ideal case; a greater matching score denotes a better status. A 

normalized weight is associated to denote the respective importance level of the pertinent 

factor; a bigger weight indicates a more important factor. The following formula is used to 

calculate f

iU
K

: 
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where s is the number of concern factors in domain Kf. 

In the proposed model, the main concern factors, other than the requirements in RFQ, 

include the buyer’s preferences, the situation of the current market, suppliers’ profiles, 

as well as the suppliers’ trade history. 

When constructing a RFQ, besides the product and service requirements, other preferences 

seem to be a secondary consideration. However, when it comes to the selection and 

negotiation process, the buyer’s preferences become prominent, especially when there is more 

than one potential quote available. Common preferences include different payment methods, 

quality levels, packing and delivery, warranty, maintenance, and etc. These preferences can 

be assembled and stored in a preference profile for an individual buyer. 

 

5.1.3. Incorporating Buyer’s Preference Profile in KERM 
 

To incorporate knowledge into utility calculation of a certain quote, the weights that 

indicate how important the corresponding preference is in the current RFQ are defined 

by the buyer. On the other side, when suppliers receive the RFQ that has one part on the 

product-related attributes and the other part on the buyer’s preferences, the suppliers are 

required to respond to every item in the RFQ correspondingly. Assume that a quote Qi 

composed of b attributes is responding to buyer’s preferences, the quote’s utility 
BP

iU according to buyer’s preferences is computed by using the following formula: 

 

j

i

b

j

j

ii mwU
 BP,

1

 BP,BP
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where b is the number of buyer’s preferences. 

 

5.1.4. Incorporating Supplier’s Profile in KERM 
 

In the supplier’s profile, two factors are important to assess a supplier: the supplier’s 

base reputation and his accumulated credit based on past trade records if any. The base 

reputation is a number between 0 and 1 which denotes how much publicity gained by 

the supplier in the particular procurement category. Every supplier has a base reputation 



number. A higher number indicates a supplier with a better potential to get a contract 

dealt. For example, a well-known supplier always obtains a higher base reputation than 

an unknown one, despite neither of them has ever traded with the buyer. If it is the first 

time the buyer is dealing with the supplier, the base reputation will be the only factor 

affecting the evaluation about the supplier’s credit. Otherwise, if the buyer has ever 

traded with the supplier, the supplier’s profile should also include the credit 

accumulated in the past trades. It is the supplier’s accumulated credit, contributed 

mainly by two factors. One is the number of past successful contracts traded between 

buyer and the supplier. The other is the average utility of all these past contracts. The 

more contracts the supplier got, the more credits he accumulates. In KERM, the 

knowledge about a supplier’s profile is therefore updated whenever there is a trade 

conducted. 

Thus, the base reputation of a supplier Si providing Qi is represented as a constant ir , 

ranging between 0 and 1. Note that in real practice, the value of constant ir  can be 

manually adjusted by a negotiation expert from time to time, to cover other intangible 

factors, like politics or internal policies in a dynamic market. The total credit 
SP

iU  of Si 

based on the supplier’s profile is evaluated as: 

 

ACreditACreditnBReputationBReputatioSP

iiiii UwUwU +=   

where ii rU =nBReputatio
; 

ACredit

iU is the accumulated credit; 
nBReputatio

iw  and 
ACredit

iw  denote the 

weights of the two factors correspondingly. The accumulated credit 
ACredit

iU  is computed as: 

 

UwcwU iii
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where c denotes the normalized value between 0 to 1 corresponding to the number of past 

contracts; U  denotes the average utility of all past contracts; 
C

iw  and 
U

iw  denote the weight 

of the two factors correspondingly. The normalized c depends on buyer’s procurement status.  

 

5.1.5. Combining Evaluation and Selective Ranking 
 

The main objective of KERM is providing a flexible way to incorporate adequate 

knowledge into quotes evaluation. With KERM, the supplier’s offer represented by a 

quote is checked not only against the requirements specified in the RFQ, but also 

against the knowledge about buyer’s preferences and may be other market factors. 

Moreover, the supplier is evaluated thoroughly based on the supplier’s profile. After 

respective evaluation based on different knowledge concerns, the evaluation results can 

then be combined to produce the overall utility iU  of a quote Qi provided by supplier Si 

: 

SPSPBPBPRFQRFQ

iiiiiii UwUwUwU ++=   

 



 

5.2. Automated Negotiation using KACM 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3.  Automated negotiation process in KACM. 

After the buyer has obtained a ranked list of negotiable quotes, he may choose the 

top-k of them, where k is a positive integer (e.g. k = 10) defined by the buyer. The 

chosen potential suppliers would be negotiated bilaterally with the buyer at the same 

time. A bilateral negotiation process takes place between the buyer and a particular 

supplier by exchanging proposals and counter-proposals. KACM combines three 

approaches in constructing a counter-proposal to facilitate an efficient automated 

negotiation: concept switch (Zhuang and Fong, 2003), automated concession and rules. 

Concept switch provides a flexible way for the buyer to switch from one set of 

requirements to another set under a certain condition. Figure 3 illustrates the automated 

negotiation process on the buyer side in a negotiation round in KACM when a message is 

received from a supplier. It is conducted bilaterally between the buyer and each of the 

suppliers in Tk_PS, his own supplier profile respectively. 
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Buyer’s Bid Utility = UB

Send Accept

Send Terminate

UB > ? 

Agreement

Terminated

No

Any Rule 

Triggered?

No

Yes

Next Negotiation Round



 

5.3. Automated Concession Algorithms 

Now we introduce the algorithms used for the buyer to propose a counter-proposal with 

automated concession. 

 

5.3.1. Target Utility Computation  
 

Let UT represent the target utility of buyer’s next counter-proposal. At the beginning of every 

negotiation round with automated concession, UT is computed. In principle, the target utility 

is the old utility minus a concession step CS that buyer counter-propose to the supplier, 

calculated using the following formula: 

 

),max( BT µCSUU +=   

where µ is the minimal utility threshold specified by the buyer, and µ ∈ [0, 1]. The minimal 

utility threshold is a lower limit indicating how far the concessions can be made. A higher 

value of µ denotes a higher demand from the negotiator. The formula places a restriction that 

the target utility can not be lower than the minimal threshold. CS is the automated concession 

step determined as: 
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UU
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µ
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where β stands for the negotiation speed, and β ∈ [0, 1]. The negotiation speed is a 

measure of how fast the negotiation is set. A higher β denotes a wider concession step. 

Factor (1 - µ/UB) expresses that CS will decrease to 0 eventually when the UB 

approximates the minimal utility threshold. In principle CS is a negative number 

because Ui < UB, as long as no agreement has been reached yet. If UB + CS < µ, then UT 

= µ. If UT ≤  Ui, it means that buyer’s counter-proposal is no better than what the 

supplier just offered. Then instead of a counter-proposal, an Agree message is sent to 

the supplier. 

 

5.3.2. Target Attribute Matching Score Computation  

When UT > Ui, the target utility UT is used to compute the individual attribute value in the 

counter-proposal. The bid utility is determined on two factors: the matching score of each 

attribute and the associated weight. The weights remain unchanged during the automated 

concession process once they are set by the buyer in the original RFQ. Based on UT, the target 

matching score of each attribute can then be computed. Thereafter the attribute value can be 

determined based on its target matching score. In order to compute the target matching score 

of an attribute, both the buyer’s previous proposal and the supplier’s previous quotes are 

taken into consideration. When only buyer’s previous proposal is considered, the target 

matching score of each attribute j, jmB,  is computed as: 
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where jmO,  is the matching score for attribute j in buyer’s previous bid, jα  can be chosen 

arbitrarily, and N is a normalization factor. jα /N is a percentage which denotes how much of 

the total concession CS that the attribute j can give-in to the supplier. Factor N is defined as 

the weighted sum of the α’s 
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where N is designed in such a way that the following relation always holds: 
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n
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Due to this normalization factor, the utility is determined as a combination of the target 

evaluations leads to exactly the target utility. A full proof of this property can be found in 

(Jonker and Treur, 2001). The choice for the α’s is made as: 

 

)1)(1( O, jjj mw −−=α   

where 
jw  is the weight associated with attribute j. The first factor )1( jw−  expresses 

the influence of buyer’s own preference: a heavier wj implies a smaller concession. This 

is because a heavier wj denotes a more important attribute, and usually the buyer will be 

less willing to yield on it. The second factor )1( O, jm− assures that the target matching 

score remain scaled in the interval between 0 and 1; a bigger jmO,  implies a smaller 

concession. When N=0, either the only attribute has weight equal to 1, or all the 

attributes have their old matching score equal to 1. The two cases are treated in a 

different way in computing jmO, : 

1) In the first case, since there is only one attribute, i.e. n=1, UB = jmO, , CS is also the 

concession step for the only attribute, and 

CSmm jj += O,B,       ,    )1)(1( O, jjj mw −−=α   

2) In the second case, when n>1, and for any j ∈ [1, n], jmO, = 1, since jα  can be 

chosen arbitrarily, just let 

jj w−=1α
 

 

jmB, only takes into account the buyer’s own previous bid. Using only this value would 

work, though it may lead to sub-optimal results because the attribute values of the supplier’s 

bid are not considered in any way when making concessions. To improve on this, the 

following step takes into account also the supplier’s previous quote, the target matching score 

jmT,  of each attribute i is computed as: 

jjjjj mmm ττ +−= O,T, )1(   

where jm  is the matching score for the j-th attribute in supplier’s current proposal, and 

jτ  is the concession tolerance parameter for the j-th attribute. jτ  is called a 



configuration tolerance parameter which is a measure of how much the buyer is willing 

to make concessions to the supplier on the j-th attribute at each negotiation round, and 

jτ  ∈ [0, 1]. Values closer to 0 imply a buyer who is less willing to make concessions, 

while values closer to 1 mean a buyer who is interested to reach a deal quickly, thus 

will make more concessions to the supplier. 

 

5.3.3. Converting Attribute Matching Score to Attribute Value 

To determine an attribute value based on its matching score, the reversed function of 

calculating matching score from attribute value is used. With an obtained matching score 

BNew_ mj, the corresponding range will be located. If there is more than one valid range 

containing BNew_ mj, by default the first of such range will be taken. The rank of value is 

then computed as: 

)1)1(max_rank(INT T, +−= jj mr   

where rj is the rank for the matching score jmT,  within a certain range, and rj is an 

integer rounded off from the computed result for the j-th supplier; max_rank  is the 

maximum rank number, namely, the lowest rank defined for the range. The rank will be 

used as an index to obtain the corresponding attribute value within the range. 

After the counter-proposal has been constructed, it is sent out to Si. Then the buyer 

waits until a next message is received from Si. Upon receiving a message, the iterative 

process proceeds following the protocol as described in Figure 3. Following the protocol, 

KACM responds to the negotiating party by sending one of the following: a counter-proposal, 

Accept, Reject, or Terminate message, in an automated way. To construct a counter-proposal, 

the algorithm first computes the overall target utility of the counter-proposal, then the target 

attributes matching scores, and finally converts each attribute matching score to an attribute 

value in the counter-proposal. 

 

5.4. Automated Concession using Knowledge 

So far we have not taken into account any negotiation knowledge in calculating 

automated concession. KACM aims at knowledge assisted automated negotiation so 

that satisfactory results can be achieved. Satisfactory results are measured in different 

aspects. We argue that three satisfaction indexes are important to characterize 

satisfactory results of multi-bilateral negotiations: higher success rate, higher attained 

utility, and shorter negotiation time. In order to achieve these indexes, KACM 

incorporates history records and past experiences in fine-tuning the negotiation 

parameters which are crucial in constructing counter-proposal.  

In the earlier discussion, automated concession in constructing a counter-proposal 

depends on both negotiation parties’ proposals. Furthermore, the concession step 

computed at each negotiation round depends on the three negotiation parameters, 

namely, negotiation speed β, minimal utility threshold µ, and concession tolerance 

parameter τj (of the j-th attribute). The three parameters control the progress of the 

negotiation in which the concession variable would be dynamically calcuated, that 

would directly impact on the negotiation result. The three negotiation parameters must 

be set appropriately in order to yield the satisfactory negotiation results. However, 

parameter setting is not a trivial task for the users. For minimal utility threshold µ, a 

higher value indicates a higher demand from the buyer. If the negotiation can reach an 

agreement in the end, the agreement utility would be high. Too low the value of µ will 



induce loss for the buyer, a too high µ gives little space to bargain with the supplier, 

and the overall success rate of multiple negotiations would then be lowered. For 

concession tolerance parameter τj of the j-th attribute, a higher value indicates a bigger 

concession towards the supplier’s offer, and will also speed-up the negotiation process. 

However, a too high τ may induce buyer’s loss, while a too low τ may slow down the 

negotiation process, thus may also lead to a failed result. For negotiation speed 

parameter β, a too high value increases the possibility that an agreement can not be 

reached in the end. Different behaviors of the negotiation processes using different 

settings of the negotiation parameters can be found in (Zhuang, 2006).  

If a user does not give any explicit specification on the parameter setting, or is 

unsure about what and/or how the value setting should be, the negotiation process can 

start with the three parameters of default value, such as 0.5. However, experiment 

results indicate that appropriate parameter values can help to achieve more satisfactory 

results for the automated negotiation. The main problem to be solved here is the 

efficient and effective setting of the negotiation parameters. One can tell from the 

trading experience in reality that if the buyer is dealing with a regular supplier or 

bargaining on a regular product, it will be helpful to refer to the past experience on 

parameter setting, instead of starting with an arbitrary value. Jonker’s model did not 

relate the parameters with any past records. In KACM, the negotiation agent can learn 

from historical records on setting of the negotiation parameters. Besides, depending on 

different requirement on the three satisfaction indexes, KACM allows the flexibility in 

using negotiation knowledge in different ways to achieve different results.  

Mainly there are two kinds of negotiation knowledge employed in KACM. One is 

supplier-related, and the other one is trace-related. Supplier-related knowledge is the 

experience learnt from regular suppliers in past negotiations. For example, it may give 

an indication that a faster negotiation and/or higher utility can be obtained when the 

supplier has a higher credit. Recall that supplier’s credit is calculated in terms of his 

general reputation, number of past contracts dealt, and the average utility of past 

contracts. If the credit value is high, it means that the supplier is a trustworthy partner 

to deal with. Thus a smoother negotiation is expected with a relatively fast speed, 

sufficient negotiable space, and higher utility obtained. Trace-related knowledge comes 

from the past records of negotiation traces. There are two categories of negotiation 

traces. One type is supplier-specific which negotiated with the same supplier. The 

products provided by the supplier in the past could be different from the buyer’s current 

request. As long as the current supplier is not new to the buyer, any past negotiation 

behavior can be referenced in the current negotiation. The other type is product-specific 

which negotiated on the same RFQ as the current one, but not necessary with the same 

supplier. KACM can learn from the past successful negotiation traces about the ideal 

negotiation parameter setting and use it in the current negotiation process. Though 

negotiation knowledge can be used in current negotiation process, KACM allows users 

to modify the parameters by themselves.  

KACM has three factors that can influence the negotiation parameters values. They 

are the user input, supplier’s credit, and history negotiation traces. Each negotiation 

parameter is computed as follows: 
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where p ∈{β, µ, τj}; Bp  is the parameter value set by the buyer, or, takes a default set 

of values by the system; Sp  is the parameter value obtained based on supplier’s credit; 

Tp  is the parameter value obtained from negotiation traces; Bw  denotes how much the 

buyer is willing to count on his own input value in parameter setting; the weights Sk and 

Tk  denote how much the buyer is willing to rely on the two kinds of knowledge to 

obtain the negotiation parameter p, respectively. Each impact depends on the respective 

weight. A weight closer to 1 denotes a buyer who is more willing to count on the 

corresponding factor on setting p. A value closer to 0 denotes a buyer who is less 

willing to count on the corresponding factor.  

When there is more than one history trace that can be referred to, Tp  is defined as the 

average of the parameter values from all the relevant history traces. Let n be the number of 

relevant history traces, 
Tp  is computed as: 
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where 
ip  is the negotiation parameter value used in the i-th history trace.  

We now discuss how the negotiation knowledge affects each of the three negotiation 

parameters in a specific way which may be different from that of others.   

 

5.4.1. Minimal Utility Threshold µ 
 

Minimal utility threshold determines the negotiation space within which buyer can 

bargain with the supplier. It also determines the minimal utility of bid that buyer can 

accept from the supplier. Different negotiator may have different practice in dealing 

with regular opponent. For example, some give more value to regular suppliers and aim 

at successful negotiations. They lower the minimal utility threshold to allow more 

negotiation space. What they want most is to keep regular business with regular 

suppliers. The utility of final agreement and the time used in negotiation may concern 

them less. Yet some may practice the opposite and aim at the current agreement with 

high utility. They raise the minimal utility threshold so that less concession can be 

made from their side. It is unwise for one to use only one strategy on setting the 

parameters in all negotiations. We therefore argue that different strategies should be 

used to fulfill different expectation based on opponent’s credit. Assume that the buyer 

is negotiating with a regular supplier. Regular suppliers can be further differentiated by 

their credits. Assume that the regular supplier has a good credit which signifies him a 

trustworthy business partner. Here we assume that the buyer is quite confident of a 

successful negotiation with a trustworthy supplier. He is also a bit aggressive that aims 

at obtaining a high utility. So a high minimal utility threshold is used. Under this 

assumption, the parameter setting is high threshold versus high credit.  

While sophisticated computation of 
Sµ  based on 

SP

iU  is possible, a general way is to 

set the threshold 
Sµ  based on the value of the supplier’s credit is as follows: 

SP

S iU=µ   



where 
SP

iU  denotes the i-th supplier’s credit. The higher credit 
SP

iU  the supplier has, 

the higher threshold Sµ  is set by the buyer. 

Secondly we assume that the buyer is less aggressive and only aims merely at a 

successful negotiation with the supplier without a high utility value. Therefore a low 

threshold is used to ensure a successful negotiation. Under this assumption, the 

parameter setting is low threshold versus high credit. The following computation is 

used: 

SP

S 1 iU−=µ   

where the higher credit 
SP

iU  the supplier has, the lower threshold Sµ  is set by the 

buyer. The factor 
SP1 iU−  also assures that Sµ  remains scaled in the interval between 0 

and 1.  

Now consider the history negotiation traces. An agreement is produced in the end of 

a successful negotiation. The utility of this agreement gives a reference for the buyer in 

future negotiation. The buyer can then set the utility threshold around the average of the 

history values or that of the similar successful case with that particular supplier. The 

choice of formula in calculating the utility threshold would have respectively 

conservative or aggressive negotiation effects. (More discussion will be on our sequel 

paper). For conservative or linear negotiation effects, we used the following approach 

in computing the minimal utility threshold 
Tµ obtained from negotiation traces as 

follow: 
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where 
Agreement

iU  is the utility of the agreement obtained in the i-th history trace.  

 

5.4.2. Negotiation Speed β 
 

Same reasoning is applied here for setting the minimal utility threshold. Assume that 

the buyer is negotiating with a supplier having good credit. Assume also that he aims at 

a high utility of the agreement in case of a successful negotiation. Then a low 

negotiation speed is helpful because it slows down the concession step for the buyer 

side. Under this assumption, the parameter setting is low negotiation speed versus high 

credit. A general way is to set the speed Sβ
 based on the value of the supplier’s credit 

as follows: 

SP

S 1 iU−=β   

where the higher credit 
SP

iU  the supplier has, the lower negotiation speed Sβ  is set by 

the buyer. 

Concerning negotiation traces, in principle, the negotiation speed determines the 

actual time elapsed from buyer sending out the first RFQ till an agreement is reached or 

the negotiation terminated. During this process, the negotiating parties exchange their 

proposals and counter-proposals repeatedly. Two factors determine the negotiation 

time. One is the time used in each negotiation round; the other is the number of 

negotiation rounds executed between the two parties. A negotiation round is defined as 



the time duration elapsed from that a bid is received from the opponent to that of the 

next proposal is received from the supplier. It includes the bid processing time by each 

of the negotiation parties, and the communication time of sending and receiving the 

bids. The bid processing time is spent on evaluating the received proposal and 

preparing the counter-proposal. It depends on the software and algorithms used, 

database employment, hardware configuration, and etc. From buyer’s perspective, 

assume that all the computation and comparison are performed using the same 

configuration, and that the proposals are communicated within a limited time on a 

regular base, then the processing time for each negotiation round is a finite value with 

an upper bound. Based on the assumption, only the number of negotiation rounds 

executed is considered when referencing the negotiation speed in history traces. 

Relation between the number of negotiation rounds and the negotiation speed parameter 

value iβ  can be estimated based on experiments, in relative to a negotiation round 

number. 

The negotiation speed Tβ  obtained from negotiation traces is computed as: 
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where 
iβ  is the negotiation speed used in the i-th history trace. 

 

5.4.3. Concession Tolerance Parameter τ 
 

Concession tolerance parameter jτ  of the j-th attribute represents how much the buyer 

is willing to accept the supplier’s bid on the attribute at each negotiation round. When 

effect of supplier’s credit is concerned, the general concession tolerance parameter Sτ  

is used for all the negotiable attributes j. Similarly, assume that the buyer is negotiating 

with a supplier having good credit. Assume also that he aims at a high utility of the 

agreement in case of a successful negotiation. Then a low tolerance value is helpful 

because the buyer tends to give fewer concessions to the supplier. Under this 

assumption, the parameter setting is low concession value versus high credit. A general 

approach is to set the concession parameter Sτ  based on the value of the supplier’s 

credit as follow: 

)1( SP

S iU−=τ   

where the higher credit 
SP

iU  the supplier has, the lower tolerance value Sτ  is set by the 

buyer. For all attributes j, the concession tolerance parameter jS,τ  obtained based on 

supplier’s credit is set as follows:  

SS, ττ =j   

Concerning negotiation traces, since the parameter is attribute-specific, the referable 

traces must contain the same attribute. To learn jT,τ  from a certain trace, the main idea 

is to compare the total concession made by the buyer in an agreement, and the total 

concession made by the opponent. If the buyer’s concession is bigger in history, then it 

is reasonable to make more concessions towards the supplier; otherwise, if the 

supplier’s concession is bigger in history, then fewer concessions will be made towards 



him. As τj is used to compute the target matching score of the attribute in counter-

proposal, the concession in trace is also calculated in terms of matching score. The 

tolerance parameter ji, T,τ  of the j-th attribute obtained from the i-th history trace is 

computed as: 
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where 
RFQ

,

Agreement

, jiji mm −  is the total concession on the j-th attribute made by the buyer, 

which is the difference between the matching score of the j-th attribute in the agreement 

obtained and that of the original RFQ requested in the i-th history trace; 
RFQ

,

Quote

, jiji mm −  

is the difference between the matching score of the j-th attribute in the original quote 

offered by the opponent and that of the original RFQ requested by the buyer in the i-th 

history trace. Since 
RFQ

, jim
 is the matching score of the buyer’s bid specified in the 

original RFQ, thus 1RFQ

, =jim , and  
RFQ

,

Agreement

,

Quote

, jijiji mmm ≤≤ . The ratio of the two 

differences assures that the concession tolerance value obtained from the trace remains 

scaled in the interval between 0 and 1. When 0RFQ

,

Quote

, =− jiji mm , it means no concession 

was made in the trace, namely, 
RFQ

,

Agreement

,

Quote

, jijiji mmm == , which implies that no 

concession will be necessary to make for the supplier in the current negotiation. Take 

0, T, =jiτ  in such a case. Therefore, bigger the value of ji, T,τ , bigger the concession 

made by the buyer in the history trace, thus bigger the value of the current τj and bigger 

the concession will be made in the current negotiation. The concession tolerance 

parameter jT,τ  obtained from negotiation traces is computed as: 
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where ji, T,τ  is the concession tolerance parameter used in the i-th history trace. 

 

6. Experiment 

A prototype system is established to simulate a buyer-centric multi-bilateral multi-

attribute e-Procurement environment. Suppose a buyer requires an e-Procurement of office 

furniture. The negotiation is about the sale of a number of office chairs. The relevant 

attributes include product-specific attributes, for example, chair frame, color, style, 

arm, seat, back, adjustment, and general procurement attributes, such as price, quantity, 

and due time. A RFQ is first created for buyer’s procurement. The prototype system 

then simulates multiple quotes have been received from different suppliers. Each 

received quote can be evaluated according to the RFQ, buyer’s preferences profile, and 

supplier’s profile, respectively. After evaluation, a ranked list is provided for the buyer 

determining the best potential suppliers to negotiation with. An automated bilateral 

negotiation can then be started between the buyer and each supplier chosen from the 

list. Finally, the scoring results of all the negotiations are shown in the ranked list for 

the buyer selecting the final deal. 



Two experiments are performed on the prototype system. One is to compare the 

negotiation results with different assumptions in the quotes evaluation and ranking 

phase. The other experiment is to compare the negotiation results with and without 

history knowledge when automated concession is computed. The objective of 

negotiations for a buyer is to achieve a most satisfactory final deal, among all the 

potential deals. This is represented by a performance index called Average utility of 

negotiation agreement, or simply Average Utility in short, as an important measure of 

how much the agreement satisfies the buyer’s request. 

 

6.1. Comparisons in Quotes Evaluation and Ranking Phase 

The proposed model evaluates all the qualified quotes from the suppliers and gives the 

buyer a ranked list of potential suppliers by the suitability of their quotes. The buyer 

then only negotiates with a shortlist of the best suppliers. To test this merit, three 

different scenarios are assumed in the quotes evaluation and ranking phase: 

1) No explicit evaluation and ranking is performed. Buyer simply picks any qualified 

quotes and starts negotiation with the corresponding suppliers. This scenario is 

applicable also to first-come-first-serve basis. (‘Random’ in Figure 4) 

2) Quotes evaluation and ranking is performed without KERM. Buyer chooses the 

only top suppliers from the ranked list to negotiate with. (‘Quote’ in Figure 4) 

3) KERM is used in evaluation and ranking, in which both the buyer’s preference and 

suppliers’ profiles are evaluated, and Buyer chooses the top suppliers from the ranked 

list to negotiate with. (‘KERM’ in Figure 4) 

Assume that (k = 10) ten suppliers are selected to negotiate with a buyer from a test 

set of certain number of qualified suppliers. Qualified suppliers are those who have 

passed the buyer’s screening process, their quotes meet the mandatory requirements 

specified at the RFQ. The number of qualified suppliers in the test set increases from 10 

to 300 in a unit of 10. Their quotes in the test set have the utility values dispersed over 

the range from 0 to 1. In the first scenario, 10 suppliers are selected in random. In the 

second and third scenarios, the buyer picks the top 10 suppliers from the ranked list. 

Bilateral negotiation is then conducted between the buyer and each one of the 10 

suppliers on the list, respectively. 
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Fig 4.  Utility values in different evaluation scenarios. 

Figure 4 shows the utility values obtained from negotiation based on the three 

different scenarios in the quote evaluation and ranking phase. The figure shows that the 

buyer can obtain a better average utility from the negotiations based on the evaluation 

and ranking results. We can observe that a better average utility can be obtained with 

KERM, compared with non-KERM evaluation and ranking. As the overall utility 

indicates the satisfaction level about the negotiation agreement perceived by the buyer, 

the experimental results show that using KERM, the buyer can negotiate with a list of 

well qualified suppliers and thus obtain improved agreements from the negotiations.  

In Figure 4, the utility improvement measured from the ‘KERM’ line over ‘Quote’ line can 

be as large as 16%, while the average improvement is over 13.4%. The improvement also 

tends to increase when the sample size increases. The results are sampled at every sixth 

observation points, in order to reveal a general trend. In Figure 5, the line generally indicates 

that when the sample size grows, the difference between the two evaluation and ranking 

methods become more apparent. Thus when there are hundreds or even thousands of quotes 

available from an e-Marketplace, KERM can provide the buyer an efficient way to obtain a 

list of well qualified suppliers to negotiate with, and theoretically would achieve good results. 

 



 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.  Utility difference with and without KERM. 

 

6.2. Comparisons in Negotiation Execution Phase 

In the following experiment, the average utility of negotiation agreements is charted 

when knowledge about supplier profile is incorporated in automated concession. As 

proposed in KACM, the buyer can set a negotiation parameter based on the supplier’s 

credit. It is assumed that, if dealing with a supplier with a good credit, the buyer may 

consider raising its utility threshold to obtain a higher utility of negotiation agreement. 

Moreover, a smaller concession tolerance parameter or a smaller negotiation speed also 

results in a higher utility of negotiation agreement. The buyer may at the same time 

lower the concession tolerance parameter and the negotiation speed when dealing with a 

supplier with a good credit. To incorporate the impact of supplier’s profile on the 

average utility of the negotiation agreements, the negotiation parameters are calculated 

using the above formulas in the experiment. 

 

Figure 6 shows the average utility behavior of negotiation agreements when the utility of 

the supplier’s profile varies. Without KACM, the buyer uses only the default parameter 

values without any reference to the supplier’s profile or other negotiation history knowledge. 

Using KACM, the better the supplier, the higher the utility of negotiation agreement can be 

obtained. 
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Fig 6. Negotiation agreement utility versus supplier profile utility. 

The greatest utility difference of the negotiation results between using KACM and without 

KACM can be up to 17% in the experiment. Noted that there is not much utility gain when 

supplier’s profile utility is less than 0.5, which indicates a supplier with no good credit. 

 

6.3. An Overall Comparison 

We suppose that the ultimate goal of the buyer is to achieve a high utility of agreement in a 

negotiation. Figure 7 gives a comparison of the average utility of negotiation agreements 

between the results using the proposed knowledge empowered automated negotiation model 

and that without using the proposed model. There are two groups of data obtained. The left 

group is obtained without using KACM, while the right group is obtained with using KACM. 

Supplier’s profile knowledge is incorporated in this experiment. For each group, three 

different ranking options are compared. For each ranking option, there are approximately 20 

negotiations are performed to compute the average utility of successful negotiation 

agreements. Similar to Figure 4, the result shows the improvement when using KERM 

compared with the other two ranking options. It also shows that with KACM, i.e. the right 

group, the average utility with all the three ranking options outperforms the one without using 

KACM, in the left group. The improvement is 12.3% for no explicit evaluation and ranking 

performed, 16.8% for quote evaluation and ranking without using KERM, and 17.9% for 

quote evaluation and ranking using KERM. 

 

 

 

 

 

 

 

 

 

Fig 7.  An overall comparison. 
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7. Conclusion 

We proposed a knowledge-empowered automated agent negotiation model in the multi-

bilateral multi-attribute e-Procurement environment. This system works under a negotiation 

life cycle that is based on a knowledge framework for constructing both the negotiation 

context and the negotiation facility. In the negotiation life cycle, there are two system models, 

for the phases of Quote Evaluation and Ranking, and Negotiation Execution, namely the 

KERM and the KACM respectively. KERM provides a quantitative measure of the 

negotiation partners and their proposals. Based on the result computed from the replied 

quotes, the buyer can determine a selected group of suppliers to further deal with. KACM 

emphasizes on the utilization of knowledge derived from the history data in past negotiation 

with automated concession. It addresses the impact of history knowledge on fine-tuning the 

negotiation parameters for improving the performance of automated negotiation. An 

experimental prototype was implemented. The automated negotiation process is shown to be 

able to yield better average utility gains of all the successful deals. 

Using a common underlying knowledge framework for representing knowledge and 

product items throughout the transactions, complex multi-attribute items can be flexibly 

and quantitatively represented knowledge could be incorporated in automated 

negotiation. This makes the proposed e-Procurement model a potentially interoperable 

system for different uses and in different industries. By the realization of automated 

negotiation, the system enables a buyer to simultaneously negotiate a greater number of 

suppliers than before. Hence the turn-around-time for the e-Procurement lifecycle could 

be shortened, and the negotiation success rate could be improved.  
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