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1 Introduction
Virtual Reality (VR) is defined as an artificial environment experienced through sensory
stimuli provided by a computer. Current research on VR aims to develop a simulated
reality that is realistic enough to satisfy human senses. As this technology is getting ma-
ture, its new application areas emerge, such as virtual marketplaces. Previous research
has concerned about adopting virtual reality into constructing e-commerce, and vali-
dated whether and how virtual reality can influence trust and thus impact user decision
making in advance [1]. Besides, there are inherited trust problems in virtual market-
places. For instance, some sellers may be dishonest (e.g., fail to deliver items as what
they promised), or some sellers may have different competency (e.g., provide only low
quality products). In order to address the trust problem in virtual marketplaces, a five-
sense oriented feedback provision approach has been proposed in our previous work [3].
The basic idea is to allow buyers to share their past experience about sellers in their feed-
back based on human buyers’ five senses, namely, vision, sound, touch, taste and smell.
Then, the reputation of sellers can be modeled based on the shared feedback. Informa-
tion about five senses is synthesized by virtual reality simulators. As reported by Luca et
al. [4], virtual objects can be created by copying the real products, such as using the 3D
scanner to record visual information and using the haptic device to collect tactile infor-
mation. With the aid of special equipments (e.g., haptic gloves), users can also sense the
virtual copies similar to the real objects, and can have the similar perceptions towards
the attributes (e.g., softness) of objects as in the real life. Thus, buyers can sense virtual
products without time and space limitation compared to shopping markets in reality.
However, this property of virtual marketplaces also brings several problems. For exam-
ple, some sellers may cheat on the quality of products. They can always provide virtual
objects copied from high quality products to attract buyers, but deliver lower quality
real products. This further demonstrates the importance of reputation mechanism.

However, feedback in human users’ five senses may involve users’ own subjectivity
by using the various subjective terms. For example, a simple concept like “soft” has
different semantics for different users. The “adequately soft” perception of the user A
may be interpreted as “inadequately soft” by another userB in some situations. Thus, if
userB receives userA’s feedback of “adequately soft”, userB cannot use it directly. In-
stead, userB should interpret the feedback to “inadequately soft” according toB’s own
subjectivity. In this view, the step to firstly align the subjectivity involved in user feed-
back before computing reputation of sellers is indispensable and of great importance in
assuring effective decision making for buyers. To effectively solve the above mentioned
subjectivity problem in user feedback, we propose a subjectivity alignment approach by



adopting virtual reality tools with the information available in human users’ five senses.
To do so, the agent of each user maps the subjective terms in its user’s vocabulary
onto objective sensory data in the form of fuzzy membership functions and shares these
learned metrics with the agents of other users. Thus, for each buyer, collected feedback
towards a target seller can be aligned according to his own subjectivity, and then the
aligned feedback is used to compute the reputation value of the target seller.
2 Approach
Specifically, in our approach, each user in virtual marketplaces is assisted by a software
agent and equipped with virtual reality simulators. A concept learner engine module is
attached to the agent, by which it can well learn the semantics of its user’s subjective
terms in a shared vocabulary [2]. The agent learns the semantics of these subjective
terms over time by exploiting the correlation between the subjective product evaluation
provided by its user and the sensory data, simulated by virtual reality tools (e.g., hap-
tic tools) for products avatars. The semantic metrics are specified in the form of fuzzy
membership functions and shared with the agents of other users. Thus, the feedback
communicated among agents are composed of only objective semantic metrics. This
allows the agent to clearly interpret the subjective feedback provided by other users and
transform it into its own user’s subjective terms (i.e., perceptions). Based on the aligned
feedback, the agent automatically evaluates the satisfactory degrees of past transactions
conducted by other users according to its user’s preference. In summary, through the
subjectivity alignment approach, buyers can more accurately model sellers’ reputation.
In the next sections, we will describe our subjectivity alignment approach in more de-
tails and explain how we can use the aligned results to compute reputation of sellers.
2.1 Subjectivity Alignment
The agent of a user is responsible for modeling semantics of the subjective terms in its
user’s vocabulary. Here, using virtual reality simulators, the subjective terms of buy-
ers are learned and mapped onto corresponding values of objective sensory data that
are numeric in our system. Note that, the learning is an iterative process that requires
sufficient interactions data between the agent and its user in order to obtain relatively
precise mapping metrics. A basic learning unit is as follows, the agent provides a sen-
sory stimuli to its user, and the user percepts the stimuli and provides to the agent a
corresponding subjective term (e.g., too soft) that best presents his perception in his
vocabulary to the agent. Besides, the learning is also a continuous procedure because
the perception of a user may change over time. For example, a user may become less
sensitive to tactile stimulus as he gets older. Thus, the learned metrics should be up-
dated every time after a certain time interval. Furthermore, in reality, it is common that
human users cannot present their perceptions consistently towards some values of ob-
jective sensory data. That is, more than two different subjective terms may be provided
by the same user as he has some fuzzy sensory zones. Hence, to more precisely specify
the mapping metrics, we introduce the trapezoidal membership function with pseudo
partitioning, ranging in the unit interval [0, 1], to represent the degree of truth for the
subjective terms. Here, 1 indicates the full membership of a given subjective term, re-
ferring that a user is completely confident about his perception. If the degree of truth
ρ ∈ (0, 1), it means that the user might sometimes describe his perception using this
subjective term, and at other times use other terms in his vocabulary due to the per-
ception sensitivity. After learning semantic metrics, each agent can align other users’



feedback according to its own user’s subjectivity. For example, both user A and user
B use two subjective terms, i.e., “inadequately soft” and “adequately soft”, to describe
their touching experience. When user A provides a feedback of “adequately soft”, the
agent of userB should firstly collects the userA’s semantic metric of “adequately soft”,
S1. Then, it computes the similarity value between S1 with user B’s two semantic met-
rics respectively. The subjective term with higher similarity value is considered to be
B’s perception according to user A’s feedback of “adequately soft”. Thus, the feedback
from user A is aligned according to B’s own subjectivity.
2.2 Reputation Computation
The main flow for the buyerB’s actions to compute the reputation value of the seller S is
illustrated as the following four steps: 1) The agent of the buyer B requests and collects
a set of feedback about the seller S, where subjective terms are translated to objective
semantic metrics represented as fuzzy membership functions; 2) Semantic metrics in the
collected feedback are transformed intoB’s own semantic metrics; 3) Based onB’s own
preferences for different attributes and the aligned feedback of each past transaction,
degrees of satisfaction are computed for the transactions; 4) The reputation of seller S
is computed as the average degree of satisfaction.
3 Conclusion
This paper proposes a novel approach to align subjective feedback for reputation com-
putation. It takes advantages of various virtual reality simulators in human users’ five
sense. We demonstrate how sensory data in virtual reality can be exploited in virtual
marketplaces to handle subjectivity in user feedback and how the aligned feedback can
be used in seller reputation computation. More specifically, the agent of each user is
responsible for learning the subjective terms in its user’s vocabulary, by mapping each
subjective term into corresponding objective semantic metric. The semantic metrics are
specified in the form of the trapezoidal membership function. This work represents an
important initial step for constructing trust and reputation mechanism in virtual market-
places. For future work, we will conduct experiments to validate that the subjectivity
alignment approach can greatly improve the efficiency and robustness of existing trust
and reputation mechanisms.
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