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Abstract—In this paper, we propose a distributed recipe
recommendation mechanism that utilizes social information
for adaptive recipe recommendation in a peer-to-peer (P2P)
network. A recipe flavor model is first proposed for
modeling recipes and validating recipe adaptations. Peers
in the network group themselves into communities in which
member s share common preferences of recipe data. Thisis
helpful to visit more relevant peerswhen the query scopeis
fixed thus improve the performance of recommendation.
Based on a graph-based recipe representation, we propose a
recipe similarity measure and a filtering algorithm to
gener ate candidates of cooking recipes to be recommended.
A recipe adaptation method is also proposed in order to
better match wusers preferences. Experiments are
conducted for the evaluation of the proposed model and a
prototype system for cooking recipe recommendation is also
presented.

Index Terms—recommender system, cooking
distributed information retrieval, recipe adaptation

r ecipe,

[. INTRODUCTION

As more and more multimedia information such as
cooking recipes are digitalized into images, videos and
texts, how to build an effective and efficient information
system that satisfies users’ information demand by
finding relevant information needed or interested by
them becomes a serious issue.

Recommender system is a kind of information
filtering technology. It attempts to solve the problem by
predicting users’ preferences and presenting them items
that they are likely to be interested in.

Cooking is important in our lives. However,
information technologies in the cooking recipe domain
have not been extensively studied [1]. One of the
characteristic of cooking recipes is that recipe data are
often naturally distributed over a network of autonomous
computer systems. Therefore, distributed cooking recipe
recommendation has attracted researchers’ attentions
recently.
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Message routing is an important issue in distributed
information systems. Compared with breadth-first search
in the network, retrieval efficiency can be greatly
improved if peers which most probably contain relevant
data are visited first. The assumption is that every peer
has its own topics of interest. These interested topics are
the reflection of the interests of the user behind the peer.
A user tends to collect recipe data of similar topics.
Therefore the recipe database of the corresponding peer
will contain more data on those topics.

In this paper, we propose a distributed recipe
recommendation mechanism that utilizes social
information for adaptive recommendation, which strives
to achieve the following criteria: (1) the user should be
interested in the recommended recipes; and (2) the user
should be able to utilize (e.g., cook) the recipes.

Another assumption is that only the basic recipes
available in the network may not be sufficient to suit
diverse users’ tastes/preferences. Therefore, based on our
proposed recipe flavor model, we also propose to derive
new recipes based on existing ones from the following
two aspects: (1) ingredient, and (2) cooking
styles/patterns.

The rest of this paper is organized as follows. Section
II presents the related work. The flavor-based recipe
model is introduced in Section III. Section IV presents
our  community-based  recipe  recommendation
mechanism. A graph-based recipe filtering and
adaptation approach is proposed in Section V.
Simulation experiments with a multi-agent system and a
prototype recommender system based on the proposed
approach are shown in Section VI. We conclude our
work in Section VII.

II. RELATED WORK

Due to the large volume of data involved in
multimedia processing and the fact that data are often
naturally distributed over a network, distributed retrieval
techniques have long been studied. In [13], the authors
propose a hybrid P2P network structure. Directory nodes
are employed to provide regional directory services.
Content models of neighboring nodes are constructed
and used for routing control in the resource selection.
Leaf nodes are utilized to perform content-based
retrieval. In [4], the authors propose a P2P routing
mechanism over a network in which peers are clustered
based on visual content similarity. Similarly, the authors
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of [3] develop a distributed retrieval system that utilizes
a routing scheme based on peer clustering. Each peer
records links of most relevant peers, known as attractive
links, as well as some random links. Queries that are
relevant to the database of a peer get propagated through
its attractive links, while irrelevant ones go through its
random links. A problem is that the content similarity
between the query and the summary of the peer has to be
computed before the decision of routing can be made,
which may cause efficiency problems.

Social information has been used for multimedia data
processing. In [14], the authors propose an event
annotation mechanism. Peer annotators are utilized in a
social network for the annotation. An annotator trust
model is also proposed in which trust can propagate in
the network according to a link-based ranking algorithm.

Social information embodied by communities has
been used to facilitate information retrieval. Members in
a community share common interests. Communities of
like-minded individuals provide a backdrop for
personalized social applications [15].

The work described in [5] and [6] concerns
community construction in P2P networks. When
proposing their community formation method, the
authors of [5] introduce four sources of self-construction
of P2P communities, namely, ontology matching,
attribute similarity, trust, and link analysis. In [6], the
authors propose a mechanism to form communities for
sharing academic papers, in which each peer computes
its trust on the peers with whom it interacts.

Recommender system has become an indispensable
technique in the information filtering field recent years.
Large amounts of recommendation approaches have
been proposed by researchers, which can be identified
into two broad categories, content-based and
collaborative filtering. Content-based method makes
recommendations based on assumption that users would
probably have interest on items with similar features to
the ones they have enjoyed. So the key issue in this
method is to predict the content similarity between items
[10]. Differently, collaborative filtering focuses on
finding out relevant neighbors for a user from the whole
user community, and predicts the target user’s preference
of items based on his/her neighbors’ ratings on them. In
the recent work [11][12], the authors proposed
algorithms named Random Walk and Social Trust
Ensemble, both are applied to the social network to
identify a neighborhood that can be trusted by the target
user, and to what degree can the user trust on these
friends.

Several pieces of work have been done for
information retrieval in the cooking recipe domain. M.
Svensson et al. apply their idea of social navigation to
allow users to share their recipe collections in [9].
Specifically, they assign users to groups based on their
explicit preference information, like ingredients, fat
level, time to cook, etc. Sub-structure similarity has also
been studied between cooking graphs for searching [2].
The cooking procedure of a recipe is modeled as a
cooking graph. Given a query example, recipes with
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similar cooking procedure and ingredients can be
retrieved according to the graph similarity.

III. COOKING RECIPE DATA MODELING

In this section, we will present our recipe data
modeling strategy, that is how to represent the cooking
and flavor features of recipes.

A. Cooking Procedure Modeling

Cooking is a procedure of applying heat to food
ingredients in an ordered manner to alter the flavor,
appearance, texture and digestibility of the original
ingredients, so as to produce edible and delicious dish.
The involved elements in the procedure include
ingredients, seasonings, cooking patterns, etc., and the
relationship between them can be represented as in Fig.
I:

Ingredienes
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Figure 1. The general components of a cooking activity

Compared to other type of data, cooking recipes have
their distinct characteristics: loosely structured, behavior
oriented, and constraints bound [1]. Because of the rich
content and complex relations between cooking actions,
there are few good models proposed for recipe data
management. To the best of our knowledge, our previous
work—cooking graph model—is the only research in this
domain. Here, we review briefly this model for recipe
representation. Typically, the cooking procedure of a
recipe, denoted as CG, is formulated by a graph of 4-
element tuple:

CG= (V, E, Cons, Ingr) @9)]

where V is a set of ingredient or action nodes, E is a
set of edges between two nodes, Cons is a set of
constraints associated with either action nodes or edges,
and Ingr is the required ingredients to cook the dish. As
an example, the graphical presentation of the recipe
“Triple Cheese Pasta Primavera” is shown in Fig. 2.
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Figure 2. Cooking graph of “Triple Cheese Pasta Primavera”

With the cooking graph, the cooking information of
recipes can be well represented in a computer-readable
way, thus facilitate users’ requirements towards this data.

B. Flavor Features Modeling

Besides the cooking procedure, another aspect users
would concern most about a recipe is the flavor features
of its final dish. Here we define the flavor features as the
properties of a dish that can be directly perceived by
human’s physical receptors, such as tongues, noses, etc.
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Basically, the main factors that would influence a
person’s feeling towards foods can be identified into the
following categories: taste, smell, texture, temperature,
etc.

Taste: According to theories in the cooking science
domain, taste is a combination of five basic elements,
respectively sweet, salty, sour, bitter, and umami (also
described as savoriness).

Smell: Smell means the odor of food that can be
perceived by human’s sensing cells in noses. For
example, the smell of a dish can be pleasant, offensive,
disgusting, etc.

Texture: Texture refers to the physical structure of
foods, turning out to be people’s feelings when biting it.
For example, the texture of a dish could be tender, hard,
crisp, etc.

Temperature: Intuitively, temperature
whether some food is cold or hot.

As a result, we represent the flavor features of a recipe
R;, denoted as Flv (R;), using a feature vector as shown in
Table 1:

Flv; = [sweet:v,,, salty:v,,, sour:v,; bitter:v,, umami:v,s
smell:v,q texture.v,, temperature.v,s] 2)

describes

where v;; means the value for each feature. The value
types here can be defined in multiple ways, such as
numeric values, value ranges, or semantic terms, etc., as
long as it is able to represent the features properly and
differentiate one recipe from others.

Table1l. Flavor featuresof recipes.

Taste
Sweet Salty Sour Bitter Umami Smell Texture Temperature
R Vi1 Vi2 Vi3 Vig Vis Vi Vi7 Vis

In conclusion, the overall profile of a recipe R; in our
system is represented by two parts, a cooking graph CG;
and a flavor vector Flv;:

R[Z{CG,', FZVI} (3)

where CG; is used to present the cooking procedure of
the recipe, and Flv; describes the flavor features of the
recipe.

IV. COMMUNITY-BASED RECOMMENDATION

In this section we introduce a community-based
algorithm to acquire a candidate recipe set for
recommendation which, for our purpose, satisfies the
first criterion mentioned, namely, users’ interests.

A. Network Structure

The distributed recipe recommendation system
consists of a set of computer systems that form a P2P
network. Each computer in the network has a recipe
database installed and hosts some recipe data in which
the owner of the database is interested. The data in the
recipe database can be queried by the owner as well as
other peers in the network.
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The network in the proposed model can be represented
as a direct graph defined as follows:

Definition 1 The network of the distributed
environment is defined as a directed graph G = (P, E),
where P = {p,, p,, ..., p,} 1s a set of nodes, each of which

represents a peer database, and EDPXP s 4 set of
edges, each of which represents a direct link from one
peer to another.

The network is considered as a social network where a
peer p; is an actor and an edge # ~ # is a relation from p;
to pj

In the recipe recommendation model, each peer only
maintains direct links to a small number of other peers in
the network. A peer gets connected to the network by
finding an existing peer and establishing direct
connection with it. The neighborhood relations are
evolved from time to time according to the previous
interactions and experience with other peers in the
network.

Social network analysis methods are utilized to
facilitate distributed recipe recommendation in our
system. Peers combine and group into communities in
the network, as shown in Fig. 3. The following definition
defines a peer community in our model:
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Definition 2 A peer community is defined as a 2-tuple
C = (P, T), where

® P°OP s a set of peers in the network that are
the members of a community C;

® T is the preference that all the members of
community C shares.

A community in our model has the following

constraints:

1. There can only be at most N,,., members in a
community C;

2. A peer p can only belong to at most N,
communities;

3. A peer p has direct connections with the
members of all the communities that it belongs
to;

4. A peer p may have direct connections with other
peers that are not in any community that p
belongs to.

Peers in a community share a common interest.
Compared with individual links between peers in the
network, the wuse of communities enhances the
information exchange between like-minded peers. This
can be very useful in our distributed recommendation of
recipe data.

Figure 3. Community-based P2P network structure

B. Distributed Reputation Model

In a distributed system, peers have recipe data that are
of different flavors. Their recommendation qualities may
also be different because of the different recommender
systems. Correctly distinguishing among different
qualities of services in a distributed system is useful for
resource selection in the system therefore is helpful for
improving the overall service quality of the system.

Reputation can be used for collecting evidence of
interaction partners, thus useful for distinguishing
qualities of services. A distributed reputation model is
proposed for establishing trust in the recipe database
environment of our system. Reputation can be handled at
three different levels, individual level, social level, and
system level [16]. The individual level is where a peer is
considering only its direct interaction with the other
peers to establish reputations. If the peer also uses the
information coming from other peers and the social
relations, it is the social level. The system level means
that evidence is collected and reputations are provided by
a central authority.

We adopt this idea and build our distributed reputation
system based on the 3-level structure. Support for
community-level information is also added to achieve
better topic-aware reputation computation.

1) Individual-Level Reputation
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A peer interacts with other peers in the network to
accomplish the task of recipe recommendation. The
interactions form relations between peers that can be
used as evidence of quality of services and thus the
degree of trustworthy of the peers.

The computation of reputation at the individual level
is carried out by individual peers in the system.

The set of all the relations v - b occurring between
time ¢ and t.; with a specified type T is defined as
follows:

@ (b,7)={v - b|vOPLy - bOE

Ooypeof (v - b)=T1
Ot, <timeof (v - b)<t,,} @)

where /meof(v ~ b) s the time that relation V — b
forms.

The influence of all the relations v -4 occurring
between time ¢; and f;;; on the reputation of peer b from
v’s point of view is defined as follows:

AR (1) = 2 (P, (b,1)xw,)
’ (&)

where 7 is a type of relations occurring from v to b

between time #; and #,,,, and "7 is the weight of relation
type 7 .

In our distributed recipe recommendation model,
7 =tpeof (v ~ D) ig defined as the relevancy judgment, made
by the rating module of v, about the results of recipe data
returned to v from b in reply to v’s requests. This
represents the filtering capability of b from v’s point of

view. In this case, " is positive for a relevant result and
negative for an irrelevant one.

An individual reputation database is used by peers to
store individual-level reputations for their direct
neighbors. The peers in the network update their
individual reputation databases regularly using their
direct knowledge to their neighbors. Reputations at the
individual level are considered as the most reliable
source of trust.

2) Social-Level Reputation

Only perceiving direct interactions can pose a number
of problems. For example, in an open system, it can be
very difficult for an autonomous peer to select an
interaction partner if the peer itself has no sufficient
interaction history with other parties.

In the case of lacking historical evidence, a peer has to
ask others for advice in order to determine whether a
given peer is trustworthy or not. Therefore, a social
network analysis approach can be utilized for the
estimation of peer reputations in the system. In social
network analysis, relational data are represented using a
graph called sociogram, which is directed and weighted.
Each peer is represented as a node and each relation is
represented as an edge. The value of a node represents its
importance, which is an important factor that forms the
corresponding peer’s reputation.

A peer v periodically sends a message Request for
Reputation to all its neighbors requesting reputation
references of other peers in the network, especially to
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those that are in the same communities as v. The
requesting message propagates in the network with a
time-to-live (TTL) value.

In online trade systems, reputation values can affect
the selection of transaction partners. Therefore, peers are
sometimes motivated to hide information or provide false
information about reputations to others. In a distributed
recipe recommendation system, it is less likely that this
will happen. However, the reputation references from
other peers should not be fully trusted, since some of
them can still be inaccurate due to various reasons.

The influence of a reputation reference from another
peer x on the reputation of a target peer b at time ;.
from v’s point of view is defined as follows:

Rbe(ti)

X —_—
Rl ()= 1+ e Res(t)=Ry)

(6)

where R+ s the reputation of x at time ¢; from v’s
point of view, and R, is a parameter adjusted to identify
the reputations of average peers.

The point is that peers who have higher reputations
should affect other peers’ reputations to a greater extent.
The parameter R, in the above formula is used to adjust
how much a peer should affect others, and it is set to
represent the reputations of average peers. In the formula,
peer v receives a reputation reference about b from peer x.
If the reputation of peer x is much higher than R, the

result Rl i) is nearly Roy(8) , which indicates that
the influence caused by this reputation reference is
nearly fully charged on 5. When the reputation of x is
much smaller than R,, the result is nearly 0, which
indicates that peers with very low reputations can hardly
affect others by a reputation reference.

The social-level reputation of peer b from peer v’s
point of view is the aggregation of all the reputation
references acquired, defined as follows:

Rv[li b(t) = ZR:[@ b(t)
x (7

The reputation acquired from social references is not
as reliable as that from direct experiences. It is only used
as a complementary method in case there are no direct
interactions to determine the degree of trustworthiness,
as shown below:

R ., ,@Oxw, Lif[U, @ (b1)>0

R _; (O)Xws  otherwise

R,_, ()= {
®

where w; and wg are the normalizing factors of
individual level and social-level reputations, respectively.

When there are direct interactions from v and b,
instead of assigning social-level reputations a small
weight, we choose to solely use individual-level ones.
This can save the bandwidth and CPU time used to
acquire social reputation references.

The combined reputations are used in the recipe
recommendation model for recipe recommendation
request routing. If from v’s point of view there is no
evidence about the reputation of b from either the
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individual or social levels, ®-® is considered as not
available, and will not be used for modeling trust in our
system.

3) Community-L evel Reputation

Individual-level and social-level reputations are
representations of trust from an individual’s point of
view. As we have mentioned before, system-level
reputation is an aggregated view of the degree of
trustworthiness of a peer.

However, in a distributed recipe recommendation
system, different peers hold recipe data of different
classes. A specific peer can perform well on one class
while poorly on another. Therefore, a single central
reputation value cannot truly represent the capability of
recipe recommendation. Furthermore, the special peer
that acts as the central reputation authority can be a
bottleneck and can potentially cause single point of
failure in the system.

Due to these reasons, we propose a community-level
reputation mechanism that can instead represent the
common view of trustworthiness in a community, where
all the peers share the same interest and have recipe data
on the same class. This can greatly improve the
performance of recipe recommendation. Furthermore,
limiting the scope of central reputation in a community
can be helpful to avoid single point of failure of the
whole system.

The community-level reputation of a peer b in
community C is calculated by summing up the reputation
knowledge from all the members of the community:

R.o ,(O=D R,
e )

The community-level reputation acquired will further
be used in the self-evolving communities in our model.

C. Community Construction

Community plays an important role in the distributed
recipe recommendation model. A community is a group
of peers that share a common interest, thus have recipe
data of a common class. The proposed community-based
routing scheme eliminates the need of generating peer
summaries as well as the global clustering of peers,
which are problematic as mentioned before.

In our work, we propose a distributed community
construction method that uses peer reputations as a clue
to group peers that have common preferences. This is
based on the assumption that the information retrieval
performance will be better if the sources contain more
data of the relevant class. The community construction
workflow is as follows.

Community Construction Wor kflow

Process 1. Community Creation

Communities can be created by any peer in the system.
Peer py is given a Jlow probability to initiate a new
community if and only if the number of communities that

po belongs to keeps being lower than =" for at least a
certain period of time.
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In the case that p, creates a new community C, p,
becomes the owner of the community. The owner of a
community maintains the main copy of the list of the
members of the community. The list is broadcast in the
community so that other peers can know the members in
the community. The owner is in charge of the
management of the membership. It also serves as the
reputation center that maintains the community-level
reputations of the members.

Process 2. Member Invitation

Any member of the community 7~PC¢ can send
invitations to recruit new members to join the
community. The invitation contains the identities of the
owner and other members of the community. The
invitation message is sent to the direct neighbors of p;
that are not current members of C. A receiving party can
decide whether to apply for membership or not.

Process 3. Application for Member ship

A peer PHC that receives a member invitation from
community C can decide whether the community is
related to one of its preferred class or not. It investigates
the combined reputation of individual level and social

level, RM(’), of the owner and other members of the
community. Their reputations are aggregated using a
weighted average, where the owner is assigned with a
larger weight. The aggregated reputation is then
compared with the average reputation of all the peers in

the network. Note that X+ values are only counted
when they are available.

If the aggregated reputation of the community owner
and other members are much higher than the average
value of all the peers in the network, the community is
considered as relevant to itself from p’s point of view. In
this case, p will send an Application for Membership
message to the owner of the community to apply to
become a member of it.

Process 4. Member Acceptance

Upon receiving an application from peer p requesting
to join the community, the owner p, will decide whether
to approve the application, i.e., p will become a member
of the community, or not. As mentioned, each
community can have N,., members at most. The
application cannot be approved if the community is full.
The decision is made based on the investigation whether
the preferred class of recipes of the applicant is relevant
or not, from the point of view of the community.

Community-level reputation of the applicant “c= »)
is used for the measure of relevancy. If the reputation of
the applicant is much higher than the average reputation
of all the peers in the network (where available), the
applicant p is granted with membership of the
community C.

Process 5. L eaving a Community

The leaving of a member can be initiated by either the
member itself or by the owner peer of the community.

A peer p periodically checks the performance of the
communities that it is in. If the average recommendation
performance of community C, represented by the

R, ..(0)

reputations where x0C, keeps being lower than
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the average value of all the peers whose reputations are
available to p for a certain period of time, p can conclude
that the preference of C is no longer of its interest. Peer p
will leave the community in this case.

Similarly, the owner of a community keeps checking
the performance of its members. If it finds that the
performance of a member p, represented by the

community-level reputation Reas O | keeps being lower
than the average value of all the peers in the network
(where available) for a certain period of time, it can
conclude that p is no longer interested in the class of the
community. Thus, p will be excluded from the
community.

Process 6. Termination of a Community

The termination of a community is intuitive. When the
owner of the community becomes not available, e.g., is
down, and its members cannot get access to it for at least
a certain period of time, the community will be marked
as dead.

A community constructed in this way contains a group
of peers that share interests of a common preference.
Due to that in an open network of large scale, there may
be too many peers that share the same interest (more than
the number for which common recipe recommendation
tasks can be handled well), the scale of a community is
kept limited. There may be communities that share the
same or similar preferences, and a certain peer can be a
member of more than one community. These peers serve
as bridges between communities that share similar
interests and play an important role in the network.
Communities are handled in a distributed manner so that
the termination of a certain community will not affect the
function of the whole system.

D. Distributed Recipe Recommendation

1) User Profile Modeling

A peer p sends recipe recommendation (R2) requests
to other peers (with a TTL) to retrieve their recipes
which are likely to be interested by p. A receiving party
compares the user profile with its own profile. If similar
enough, i.e., their similarity is higher than a certain
threshold, it will return recipes to p according to p’s set
of preferred recipes acquired in its profile. The returned
results are then aggregated by p according to its local
constraints for the recommendation.

The profile of a peer user is defined as a tuple:

profile = (PI, PR, PI, PS) (10)

where PI is the personal information of the peer user
such as age, gender, location, etc, PR is a set of recipes
preferred by the user, which can be acquired from the
user’s interaction history with the system. Recipes in PR
are represented via the Flavor Model introduced earlier.
Similarly, P/ and PS represent the user’s preferred
ingredients and cooking styles, respectively.

2) Request Routing

For the propagation of a R2 request, peers are ranked
and those who are more likely to contain relevant data to
a given request are selected for the request forwarding
according to the communities constructed. This is useful
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in reducing the scope of the request propagation to
retrieve a certain number of relevant recipes.

In traditional distributed information retrieval systems,
the routing of queries is usually based on the clustering
of peers in the network according to content similarity.
This can cause problems in distributed systems of large
scale. The clustering requires a summary of each peer in
the network to be built based on a consistent ontology,
which is not always possible in a distributed environment.
Furthermore, it may be a performance bottleneck and can
potentially cause single point of failure if a central node
is employed for the clustering.

We propose a request routing algorithm for our
distributed recipe recommendation model described as
follows.

Request Routing Algorithm

Process 1. I nitial Request

When the user of a peer py issues a recommendation
request, the system sends it to some of the other peers in
the network which it has a direct link to. The request
contains the information about the identity of itself as
well as its issuer py, the user’s profile, and a TTL value
that is used for limiting the propagation of the request in
the network.

The target peers are randomly selected from all of its
direct links using the jump function defined as follows:

w

— Y irx0r(p)
V) 1 +[V(p)]
Jump(p.x)=Pr(p — x| p) =1, _ wX|V(p)|
DT D oy
VY (p)| o ) (11

where V“(p) is the set of peers that share memberships
with p in at least one community, V(p) is the set of peers
that do not share membership with p in any community,

and w, is a weight that indicates the importance of
V@D DI )]
wrel el

community members where

This method is considered as community-based
random walk. We find that if the walk in the network is
further biased towards trustworthy peers that have high

R, . values, the recommendation performance can be
further improved. The maximal number of peers selected
is limited to Nj;;.

Process 2. Request Forwarding

Any peer p that receives a recommendation request
from p, should check its identity to see whether it has
been processed before to avoid duplicate processing of a
single request. Peer p then checks the TTL of the request
to see whether it should be forwarded. If the request is to
be forwarded, its TTL value is subtracted by 1 and it is
forwarded according to the jump function. It is similar to
Process 1 except that V“(p) is the set of peers that share
memberships with both p and p, in at least one
community, and V(p) is the set of peers that share
membership with neither p nor py in any community. The
request forwarding process is done before any analysis to
the content of the user profile. This ensures that a request
can be propagated as quickly as possible through the
network, thus reducing its latency.
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V. RECIPE RECOMMENDATION & ADAPTATION

The recipe recommendation strategies in our system,
either to recommend cooking-similar or flavor-similar
recipes, or both, will be introduced in this section. After
that, we will also present an adaptation mechanism based
on the recommended recipe list.

A. Recipe Recommendation

1) Cooking Based Recommendation

The first recommendation strategy we provide in the
system is cooking-feature-based approach. It aims at
recommending recipes with similar cooking procedure to
the one provided by a user, so that he/she would be able
to cook the dishes based on his/her current cooking
conditions or skills. To achieve this, a cooking similarity
measurement is needed to evaluate how similar two
recipes are from the perspective of their cooking process.
Adopting and adapting the metric proposed in [2] to
make it suitable for the distributed environment, the
cooking similarity between two recipes, denoted as
simC(RI, R>), is defined as:

m 2
Simc(RliRz) = |:[ZE5 ‘(iu‘ESA, ‘ +y‘E31, )]DPW(Rl’Rz)}
= (12)

where R;, R, are two cooking graphs, and they share m
sub-graphs S; (i = I .. m); £ is the total number of edges
of the sub-graph S;; 2| and | are the numbers of action
and ingredient edges in S; respectively; x4 and y are
adjustable weights for action and ingredient edges, since
different user queries may emphasize more on either the
flavor (affected by ingredient flow) or the cooking skill
(affected by action flow); Per(R; R;) is the shared
percentage of common ReciSet (defined as two
connected nodes with a directed edge in the graph). The
nature of this similarity measure is to discover recipes
with similar cooking patterns, which is represented as
sub-graphs consisting of a set of ingredient and action
nodes and edges in the cooking graph.

To get a cooking-feature-based recommendation, a
user needs to provide a recipe as the query example. The
request will be forwarded to his/her most relevant
neighbors according to the method introduced in Section
IV, and recipes with highest cooking similarities to the
example will be returned as recommendation result.

2) Flavor Based Recommendation

As more common case, in a recipe recommender
system users may expect to get recipes with similar
flavors to their preferred ones. To achieve this, we allow
users to issue a recommendation request by selecting an
interested recipe as the example, and choose the flavor-
based approach as the recommendation strategy.
Similarly, the request will be broadcasted to the user’s
neighborhood, and the system will craw the most
relevant recipes for the user based on the flavor
similarity between recipes:

Flv,[Flv,

sim” (R, R;) = W

(13)
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where Flv; is the flavor vector of recipe R;, and Flv; is
recipe R;’s flavor vector.

3) Hybrid Recommendation

As a compromised case, we also provide a hybrid
recommendation strategy for users who want recipes
similar to their favorite one in both cooking and flavor
features. Generally, the request forwarding mechanism in
this case in the same to the previous ones, but replacing
the recipe similarity metric with a combination of the
cooking similarity and flavor similarity:

sim(R,,R;) = a Bim" (R, R,) +(1 =) Bim" (R, R,) (14)

where @ is a weighting parameter adjusting the
importance for each sub-similarity measure. Since users
may have diverse preference over the weights, we would
derive the values of & from users’ explicit inputs, or
using a default value set by the system if there are no
user inputs.

B. Recipe Adaptation

After getting a set of candidate recipes from a request
issuer’s mneighborhood, our recommendation algorithm
does not stop as what most existing social
recommendation systems would do. Our observation is
that, although the returned results have gone through the
process of filtering out a large amount of data in the
social network, it is only a representation of a certain
community’s interest, and may not exactly match the
individual requester’s preference. To address this
problem, an additional mechanism is devised to do
automatic adaptations to the social recommendation
results by considering personal preference. Individual
requester’s eating interest is learned from his/her
historical behavior.

Two kinds of adaptations supported by our system
include replacing the ingredients that the user dislikes or
cannot eat, and changing the cooking patterns that would
probably rejected by the user.

1) Ingredient Replacement

The primary principle of ingredient replacement is
that: an ingredient is only allowed to be replaced by the
ones of the same class. For example, pork can only be
replaced by chicken, duck, beef, or other kinds of meat.
To implement this, we have constructed a domain

dictionary that defines the classification of food.
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Figure 4. Recipe adaptation example
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Another principle is that, after replacing some of the
ingredients, the final ones should not conflict with each
other and generate bad effects to human’s health. For
example, spinach is not advised to be cooked together
with bean curd, because it would lead to a disease named
lithiasis, see Fig. 4. This type of checking can be realized
by referring to the knowledge in cooking sciences.

2) Cooking Pattern Replacement.

For replacing a cooking pattern, the most important
rule is that the adapted cooking graph should be feasible.
Specifically, the input and output ingredients for the
original cooking pattern and the replacing one should be,
if not exactly matched, at least generally consistent. This
is to ensure that the user can still cook the dish out by
following the adapted cooking graph. This is
implemented by checking if all the nodes, except for the
starting nodes and ingredient nodes, are reachable in the
graph.

Similarly, after replacing the cooking pattern, a
conflict check between ingredients and the cooking
method will also be performed according to cooking
recipe domain knowledge.

VI. EXPERIMENTS

A. Simulation Experiments

As part of our research, we have carried out
simulation  experiments of  distributed recipe
recommendation using a multi-agent system for the
evaluation of the proposed model.

Peers interact with each other to simulate the
distributed recipe recommendation (R2) requesting
activities according to the proposed method. The number
of peers in the simulation varies from 200 to 1000, each
of which has a database that contains 20 to 40 recipes.
Most of the recipes belong to the same category, i.e.,
they are similar in terms of the Flavor Model, while
others are randomly selected from the dataset.

The system keeps track of the R2 requesting activities
of the peers in the experiments. In the experiments, we
only take users’ preferences into account for the
recommendation without any other constraint. In
particular, we observe whether a result is in the same
category as the user’s preference and measure the
average precision as the user’s satisfaction to the
recommendation.

Four different methods are used for the comparison of
performance. BFS is a basic breadth-first search method.
FQM is to use the firework query model to facilitate
request routing, which depends on the global clustering
of peers based on their content summaries. FCR1 is the
flavor- and community-based recipe recommendation
that only takes into account the individual-level
reputation. FCR2 is based on FCRI and takes into
account both individual-level and social-level
reputations.
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Figure 5. Performance with different number of peers

Fig. 5(a) shows the recommendation performance with
different total numbers of peers in the network. From the
figure we can see that the overall satisfaction decreases
with the increase of the network scale. FCR2 achieves
the best performance of the four methods. Fig. 5(b)
demonstrates the recommendation performance with
different average number of peers visited for an R2
request. The overall satisfaction drops a little with the
increment of peers visited because there are also more
irrelevant peers visited along with those relevant ones.
Again, FCR2 is the best among the four methods.
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Figure 6. Performance with different community sizes and algorithm
overheads

Fig. 6(a) presents the recommendation performance
with different average number of peers within a
community. It is observed that the recommendation
performance remains relatively stable with different
community sizes, while FCR2 achieves the best
performance in all settings. The overhead traffic
introduced by FQM, FCR1 and FCR2 is shown in Fig.
6(b). We can see that the overhead of FCR2 remains at a
low level, while that of FQM grows with the size of the
network. This is mainly because of the broadcast of
content summaries in FQM for peer clustering, while our
FCR2 method, due to the merit of the community-based
network structure, is able to use messages in relatively
small scope to acquire information from most relevant
peers. Note that BFS does not need extra traffic to
compute its model, hence is not included in Fig. 6(b).

B. Prototype System

A distributed recipe recommendation prototype
system has been developed as part of our work. Fig. 7
shows the main interface of the system for one peer in
the network, in which all the recommended cooking
recipes are displayed in a ranked list. When the user
clicks into a recommended recipe, its corresponding
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multimedia resources, such as dish photo, cooking video,
cooking procedure description, etc., will be displayed, as
shown in Fig. 8. Besides, the user can also choose to
view recipes from the cooking graph perspective (Fig. 9),
which facilitates them much to understand the cooking
steps of the recipes.

Figure 7. Snapshot of the recipe recommendation prototype system
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Figure 8. Browsing recipe via multimedia resources
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Figure 9. Browsing recipe via cooking graphs

VII. CONCLUSION

In this paper, we have proposed a community-based
distributed recipe recommendation and adaptation
system. A recipe flavor model is first proposed for
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modeling recipes and validating recipe adaptations. Our
proposed method combines community- and graph-based
approaches for recipe recommendation by satisfying
certain criteria. Community-based approaches utilize a
reputation model to facilitate the construction of peer
communities, which are utilized for effective and
efficient recommendation in P2P networks. Graph-based
methods, which are more tightly related to the
application domain, are used for recipe filtering and
adaptation. We have exploited procedure flow graphs of
cooking recipes to calculate common-subgraph-based
recipe similarity, and used it to facilitate recipe filtering.
A graph-based ingredient and cooking style replacement
approach is devised to adapt recommended candidates
that the user may probably want to adapt.

Simulation experiments have been conducted to
evaluate the proposed model, and the results show good
performance of it.

For our subsequent research, we plan to further study
the effect of graph-based filtering and flavor-based
adaptation prediction. Other issues of concern include
developing more sophisticated routing schemes for
distributed recipe recommendation.
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