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ABSTRACT _ An intelligent agent nonetheless faces difficulties when it comes to negotiating, a
crucial and complex component of internet purchase. In order to achieve this, we present the Price
Negotiator, a modular deep neural network that solves the unsolved issues in recent studies by (1)
considering images of the items as a crucial, yet underutilised, source of information in a
negotiation, (2) heuristically finding the most comparable items from an outside online source to
predict the potential value and an agreeable agreement price, and (3) predicting a general price-based
"action” at each turn which is fed into the language model. On the Craigslist Bargain dataset, we
demonstrate empirically that our model, which was trained in supervised and reinforcement learning
settings, considerably improves negotiating in terms of the agreement price, price consistency, and
discourse quality.

1.INTRODUCTION In this manner, He et al. [ 2] utilized genuine
human exchanges on Craigslist notices to gain
proficiency with a discourse model of discussions.
In the two cases, in standard with other exchange
frameworks, different succession to arrangement
(Seq) encoder-decoders are used to show talks.
Seq models (or more intricate options [3],

[4] so far as that is concerned) are compelling
devices for learning the connection between's
words (for example co-events) and possibly the
objective. Beyond word correlation, however,
negotiation differs from conventional dialogue
systems in that it presents its own set of
challenges. Consequently, these strategies battle

Discussion is an indispensable piece of human
collaborations. An intricate  undertaking
requires thinking about the perspectives of the
partner, shared interests, and expressing
persuading contentions and possibly interesting
to compassion. As the human advocate for the
best deals, online shopping serves as a test bed
for the negotiation skills of artificial agents.
To reach an agreement, this artificial agent
must examine the product's images,
comprehend the text, estimate the item's true
value in relation to other products on the

market, and converse with its counterpart.

As of late, Lewis et al. [ 1] spearheaded
discussion as a particular type of exchange
frameworks in an Arrangement Or No
Arrangement game where two fake specialists
arrange parting of three things.
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to achieve a few basic parts of a discussion
including: ( 1) removing and using data from
various sources (for example photographs, texts,
and numerals),

(2) anticipating a reasonable cost for the items to
arrive at the most ideal understanding, (3)
communicating the goal
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molded on the cost in regular language, and
(4) offering reliable costs.

To address the aforementioned issues,

we propose a price negotiator in this paper. Our
moderator, propelled by the secluded
requirements of an arranging specialist,
involved five principal units especially custom
fitted for shopping: ( 1) the online value
estimator, 2) the hierarchical recurrent
negotiation encoder,
3)  the action predictor controller, 4) the
price adjuster, and 5) the language decoder (for
more information, see Figure 2). For OVE,
persuaded by human way of behaving , prior to
beginning discussion we find comparative
things in web-based stores-reproducing market
assessment. This is finished by learning an
implanting for the printed (title and depiction)
and visual substance of the postings and
utilizing a matching organization to pick the
most comparable ones to the ongoing thing in
the discussion. Subsequently, a gauge of how
much the thing esteemed is visualized that
permits the specialist to uncover how
requesting a thing is and whether it merits the
posting cost.\

As a result, the counterpart's dialogue
in HRNE is encoded based on the agent's belief
in the advertisement's value and its content.
This is a critical and separating part of our
methodology since OVE and HRNE really
unravel the worth of a thing from the language
model. An estimated value, textual and visual
inputs, a dialogue history representation, and
the last prices proposed by agents are all
encoded in this step's output, which is used by
the action predictor to determine the next
negotiation step. More or less, activity
indicator settles on going on determined to
persuade the partner, surrendering, offering
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a cost, tolerating their terms or stopping. In the
event that the choice is to change the deal, our
cost agent proposes another cost. From the state
portrayal and the anticipated activity, our
language decoder creates the suitable language to
convey the goals of the specialist. Regardless, we
use duplicate component [5] to join the new
offered cost to that of the suitable arranging
words to unadulterated.

We assess our proposed model on
Craigslist Deal [2] which gives human- created
discussions in different situations utilizing
Craigslist ads. Our experiments demonstrate that
our method's generated utterances outperform
baselines not only in terms of language quality
but also in terms of price consistency, with the
agreed price being more human-like. Besides, we
show support learning [6]-that has become
progressively famous with discourse frameworks
likewise works on our model's exhibition. We
additionally run a few human investigations to
assess our mediator.

In synopsis,  our
commitments are as per the following:

primary

1)  We propose a clever computer
based intelligence specialist that performs
discussion at the best cost for either a merchant
or a purchaser. It uses both visual and text based
content for navigation, follows a predictable and
human-like evaluating methodology and, as our
tests show, beats the baselines on both language
quality and understanding cost.

2)  Our moderator, in contrast to its
partners, can track down the applicable web-
based things to precisely anticipate its potential
understanding cost. This empowers adaptable
and monetarily
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suitable applications and lessens human

inclination and irregularity
2.LITERATURE SURVEY

2.1 What is Your Best Price?”—An
Experimental Study of an Alternative
Negotiation Opening

ABSTRACT

Much attention has been devoted to the “first
offer” in negotiation research. Rightly so, as
strong empirical evidence shows that the first
offer has a significant impact on the negotiated
outcome and, therefore, is a highly relevant
topic  for  negotiation  scholars  and
practitioners. Scholars typically recommend
making the first offer. However, in the field, we
have observed an alternative opening tactic—
asking for the best price that the counterpart is
willing to accept. This question represents a
real alternative to making the first offer by
initiating the discussion of specific settlement
proposals, provided the counterpart answers
the query. Does it, however, lead the other
side to make a better offer? How does the
question impact the economic and relational
outcomes of the negotiation? Is it advisable to
use this tactic in negotiations? We investigated
these questions based on a controlled
laboratory experiment, in which 227 dyads of
cellphone buyers and sellers negotiated
synchronously via a text chat. We found that

the best-price question has an impact
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on not only the first offer but also the negotiation
outcome. When the buyers in our experiment
the results were not

than

asked the question,

significantly  different those  from
negotiations in which they made the first offer.
This effect was driven by the first offer in
response to the question. Additionally, we found
that the best-price question did not negatively
impact the relational outcome. Moreover, the
effectwas reduced when list price informationwas
available. These findings suggest rethinking the
traditional view of the offer- counteroffer
sequence and provide an alternative opening
tactic to making the first offer in the context of

high informationasymmetry.

2.2
Agent Negotiation

A Computational Model For Online

Pu Huang Katia Sycara

Abstract

Agent-based on-line negotiation technology has
the potential to radically change the way e-
business is conducted. Inthis paper, we present a
formal model for autonomous agents to negotiate
on the Internet. In our model, the negotiation
process is driven by the internal beliefs of
participating agents. We empirically identify the
relative strength of a group of belief updating

methods and show how an
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agent can change its behavior by adjusting
some critical parameters. The advantage of our
model is that it is flexible and easy to
implement. To show different ”personalities”,
one only needs to plug in suitable “subjective
beliefs” to one’s agents. Our results provide
directive reference on how these beliefs should
be chosen and what values of the related

parameters should be assigned.
3.PROPOSED SYSTEM

In this paper, we propose a value
moderator to address the previously mentioned
Our

requirements of an

issues. moderator, propelled by the

secluded arranging

specialist, involved five principal units
especially custom fitted for shopping: ( 1)
online worth assessor (OVE), (2) progressive
intermittent exchange encoder (HRNE), (3)
activity indicator regulator, (4) value agent and
(5) language decoder. For OVE, which is
motivated by human behavior, we simulate
market evaluation by locating comparable

products in online stores prior to beginning
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requesting a thing is and whether it merits the

posting cost.

Hence, in HRNE the partner's discourse is
encoded adapted on the substance of the notice
and the specialist's conviction of its worth. This is
a critical and separating part of our methodology
since OVE and HRNE really unravel the worth of
a thing from the language model. An estimated
value, textual and visual inputs, adialogue history
representation, and the last prices proposed by
agents are all encoded in this step's output, which
is used by the action predictor to determine the
next negotiation step. More or less, activity
indicator settles on going on determined to
persuade the partner, surrendering, offeringa cost,
tolerating their terms or stopping. Inthe event that
the choice is to change the deal, our cost agent
proposes another cost. From the state portrayal
and the anticipated activity, our language decoder
creates the suitable language to convey the goals
of the specialist. Regardless, we use duplicate
component [5] to join the new offered cost to that

of the suitable arranging words to unadulterated.

negotiations. This is finished by learning an3.1 IMPLEMENTATION

implanting for the printed (title and depiction)
and visual substance of the postings and
utilizing a matching organization to pick the
most comparable ones to the ongoing thing in
the discussion. Subsequently, a gauge of how
much the thing esteemed is visualized that

permits the specialist to uncover how
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In this module, the Service Provider has to login
by using valid user name and password. After
login successful he can do some operations such

as Login,
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Authorize Users, Add Product Category, Ad8.1.1 View and Authorize Users

Product Posts, View All Product Posts, View In this module, the admin can view the list of
Negotiation On Product Posts, Delete Product  users who all registered. In this, the admin can
Posts, View Purchased Products, View  view the user’s details such as, user name, email,
Recommended Product Posts, View Friend  address and adminauthorizes the users.

Request /Response.

3.1.2 End User

This module, there are n numbers of users of users are present. User shouldregister before doing any
operations. Once user registers, their details will be stored to the database. After registration
successful, he has to login by using authorized user name and password. Once Login is successful

user will do some operations like Register and Login, My Profile, Search

Friends, Search Product Posts, View Friend Requests, View My Friends, View My Search History,
Product Post Recommends, Manage Bank Account, Purchase Cart Products, View My Purchased

Products.

4.RESULTS AND DISCUSSION
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Langeage Metrics Pricimg Metries
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EVALUATION METRICS FOR LANGUAGE AND PRICING EVALUATION OF THE MODELS. 1 INDICATES
HIGHER IS BETTER, WHILE | SHOWS LOWER IS BETTER. * OUR FULL PRICE NEGOTIATOR MODEL. **
OUR FULL PRICE NEGOTIATOR WHEN USING REINFORCEMENT LEARNING

Vodel loring st -~ Comparisn T Inerctive T
- Lonoage ey Flomie- Lot Py
leaes e

SLfword ) 1 T A O V S

Prie NeooirsRL. 9%

L) B X

HUMAN STUDY RESULTS. TURING TEST SHOWS THE RATES AT WHICH DIALOGUES
GENERATED FROM EACH MODEL HAS BEEN IDENTIFIED AS HUMAN GENERATED

NEGOTIATIONS.

Category ~ Price Negotiator  Price Negotiator+RL
Bike 43 $40

Car 112 $607

Electronics ~ $8 §7

Fumitre ~ §23 §22

Housing ~ §135 $117

Phone 820 $19

Overal S151 §131

THE TABLE SHOWS THE AVERAGE DISTANCE OF AGREED PRICES BY OUR PRICE
NEGOTIATOR MODELS FROM THEIR UNDERSTANDING ABOUT THE VALUE OF THE ITEM

(FROM OVE).
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5.CONCLUSION
For the seller-buyer negotiation, we presented
a visual goal-oriented dialogue model in this
paper. Our model, Value Moderator is a
measured structure for exchange that uses bits
of knowledge from human's way of behaving
for unraveling different parts. Specifically, we
are the first model to incorporate a matching
network for determining an item's underlying
value by consulting online stores during
negotiations. Probes Craigslist Deal dataset
show the predominant exhibition of the
proposed model both phonetically and in
arriving at a human-like understanding cost in
different situations. For future we think about
working on the ongoing methodology by: ( a)
adding outer information about the expense
and the accessibility of side-offers, as free
conveyance; and (b) utilizing pre-trained

language models, such as BERT [3], which

have the potential to enhance generation and

comprehension.
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