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ABSTRACT

Calibration in recommender systems has recently gained significant
attention. In the recommended list of items, calibration ensures
that the various (past) areas of interest of a user are reflected with
their corresponding proportions. For instance, if a user has watched,
say, 80 romance movies and 20 action movies, then it is reason-
able to expect the recommended list of movies to be comprised
of about 80% romance and 20% action movies as well. Calibration
is particularly important given that optimizing towards accuracy
often leads to the user’s minority interests being dominated by their
main interests, or by a few overall popular items, in the recommen-
dations they receive. In this paper, we propose a novel approach
based on the max flow problem for generating calibrated recom-
mendations. In a series of experiments using two publicly available
datasets, we demonstrate the superior performance of our proposed
approach compared to the state-of-the-art in generating relevant
and calibrated recommendation lists.
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1 INTRODUCTION

Recommender systems are applied to a wide range of applications
to help users navigate a large number of options by showing them
items that are likely to be of interest [25]. Early recommendation
algorithms focused on maximizing the relevance of the recommen-
dations for the users. Since then, the focus has expanded to include
other important characteristics of recommendations such as di-
versity [5, 30], serendipity [13, 15], novelty [3], fairness [18], and
business value [10]. All these requirements can significantly impact
the success of a recommender system.

Having other objectives on top of the accuracy of the recommen-
dations requires special algorithms that can take multiple objectives
into account in generating the recommendations [26]. One of the
recent beyond-accuracy metrics initially described in [21] and made
widely aware by [29] is the idea of calibrated recommendations. Sim-
ply put, calibration in recommender systems measures whether
the recommendations delivered to a user are consistent with the
diversity of items the user has previously liked and/or consumed.
For example, if a user has watched 80% romance movies and 20%
action movies, the user might expect to see a similar distribution
in their recommendations. If this distribution differs from the one
in the user’s history, then the user’s recommendations are referred
to as miscalibrated.

One existing approach for calibration proposed by Steck [29]
uses a greedy optimization of a surrogate submodular function to
generate calibrated recommendations. The algorithm starts with
an empty recommendation set and iteratively adds items to it if
adding that item makes the list more relevant and calibrated. An-
other, more recent, approach by Seymen et al. [28] formulated the
calibration optimization problem as a mixed integer program with
an L1-norm-based miscalibration penalty and used the Gurobi soft-
ware [6] to solve the mixed integer program. Gurobi implements
the branch & bound algorithm to solve mixed integer programs
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which in worst-case scenarios can have exponential time complex-
ity [20]. In general, mixed integer programming has no guarantees
to find the optimal solution efficiently (e.g. in polynomial time).

In this paper, we establish that calibrated recommendations can
be cast to the maximum flow optimization problem [9]. We propose
a novel approach for calibrated recommendations by modeling this
problem via a graph where costs associated with connecting adja-
cent nodes are derived from different parts of an objective function
that we use for calibration as you will see in section 3. In other
words, the solution for calibrated recommendations is equivalent to
the solution where we can have maximum flow in the mentioned
graph with minimum cost. We test our proposed algorithm on the
public MovieLens 20 Million dataset [8] and the Last.fm music
dataset and compare its performance to existing calibration tech-
niques of Seymen et al. [28] and Steck [29]. We demonstrate that
our algorithm consistently outperforms state-of-the-art approaches
in terms of relevance and miscalibration trade-off. In addition, we
also evaluate the performance of our proposed algorithm in compar-
ison to the existing approaches on different groups of users with a
varying degree of interest in popular items and with varying degree
of genre diversity in their consumption history. We show that our
approach consistently achieves better performance across different
user groups. This is particularly important since the purpose of
calibrated recommendations is to ensure users receive recommen-
dations that matches the diversity of their interest, especially for
users who have little interest in popular items and those with a
more focused and niche taste.

Our paper makes the following contributions:

e We propose a novel approach based on maximum flow to
solve the calibration problem.

e On two publicly available datasets, we demonstrate that our
approach consistently outperforms the existing approaches
for calibrated recommendations.

e We also show that, in addition to the superior performance
across all users on average, our algorithm gives better per-
formance for different user groups with varying degree of
interest in popular items or with different levels of genre
diversity.

2 CALIBRATION IN RECOMMENDER
SYSTEMS

Calibration in recommendation refers to the scenario where the
recommendations a user receives are representative and in the pro-
portion to their historical interactions in terms of different item
categories they have interacted with. However, since many recom-
mender algorithms optimize for accuracy metrics, recommended
lists are often dominated by either popular content (even if the user
has shown no interest in them), or by the user’s main interests, ig-
noring their minority tastes [29]. Therefore, a mechanism is needed
to make the recommended lists more calibrated according to the
user’s range of interests.

Figure 1 shows the listening history of a hypothetical user on
a streaming platform that streams both music and podcast to the
listeners: 80% of the user’s listening history is podcast and 20% is
music. We also see three different recommendation sets generated
for that user. The first two are non-calibrated since one is highly
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Figure 1: The listening history a user and three different
recommendation sets generated for that user.

dominated by music (often music is a more popular content across
all users) and the other one is dominated by podcasts which is the
main interest of the user. In other words, they do not match the
history of user listening in terms of two item categories (music
vs podcast). The last recommendation set is calibrated as it fully
matches users’ listening history.

We can now formally define calibrated recommendations. Sup-
pose we have c categories to which items can belong. Given the
distribution over item category k of the set of items H liked by
the user u, p(k), and the distribution over item categories k of the
set of items I recommended to user u, g(k), we are interested in
measuring how close g(k) is to p(k). If we have:

YicH p(kli) Zicr pkli)
YieH Diel
Next, we describe how we can cast the calibration to a minimum
cost flow problem.

p(k) = .q(k) = (1)

3 MINIMUM COST FLOW FOR CALIBRATION

The minimum-cost flow (MCF) is an optimization problem to find
the cheapest possible way of sending a certain amount of flow
through a flow network [9]. An example is finding the best delivery
route from a factory to a warehouse where the road network has
some capacity and cost associated. The minimum cost flow problem
is one of the most classic problems in the computer science and
algorithms literature as many other optimization problems can be
cast as an MCF problem and hence be solved efficiently [23]. In
recommender systems, there are some existing work leveraging max
flow problem. For instance, Mansoury et al. [19] and Antikacioglu
and Ravi [2] modeled recommendations as bipartite graphs (where
one side are item nodes and one side are user nodes) to solve the
problem of long-tail recommendation and improving aggregate
diversity [1]. Our goal is to find a way to cast the calibration problem
as a minimum cost flow problem.

Generally, the goal of a recommender system is to put n out of m
possible items into n slots on each user’s list where m >> n since
there are many available items to be recommended yet the size
of a recommendation list is limited. Assume that an oracle (e.g.,
a standard recommender algorithm) predicts the (expected) value
Aj;j of putting item i into slot j of the user u’s recommendation
list. This information is represented as a matrix A of size m X n
(giving each user a personalized matrix). The best list is found via a
matching which can be written as a binary matrix M of size m X n
where if M;; = 1 then item i goes into slot j. A matching must pack
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Figure 2: In this example, there are 4 slots on the list (n = 4),
6 items in the candidate set (m = 6) and 2 allowable content
categories (c = 2). Items 1, 2, and 4 belong to category 1, and
items 3, 5, and 6 belong to category 2. Placing each t; in each
y;j has a certain value A; ;. For example, the value of placing
item ¢ into slot y; is 4.3 (A1,; = 4.3), and the value of placing
item t¢ into slot y3 is 1.0 ( Ag3 = 1.0)

the list fully and never double-pack a slot. This gives the following
constraints on the matrix M:

n
Z M;j <1 (each item should be put in the user’s list at most once)

Jj=1

@)

1 (each slot should be filled by exactly one item) (3)

.M5
E
|

The optimal packing M* can be found by solving the following
maximum weight assignment problem:

m n
M* = argmaxZZMiinj 4)
M ==

We can model the recommendation list generation in a graph
structure where a list of candidate item nodes {t1,...,t»} and a
list of slot nodes {yi, ..., yn} are provided. Each A;; represent the
value of connecting node i to j. Figure 2 shows an example of a
recommended list with 4 slots and 6 potential candidate items we
can show to the user.

To get a calibrated list, we must make sure that the items on
the list are distributed across ¢ possible content categories in a
way that is close to that of the user’s historical liked content. We
can represent which content category an item belongs to through
another matrix of size m X ¢ called G, where G;; indicates whether
item i belongs to category k. In other words, looking at each column
in G representing a given category, we can see which items contain
that category (the entries that are 1). Note that if an item i belongs
to multiple categories (e.g., a movie is both drama and romance),
all corresponding Gj for that item are set to 1 meaning that item
contains all of those categories.

Given a potential solution matching M, the distribution of con-
tent category k on the list is simply given by g(k) as follows:

q(k) = % Z Z G M;j 5)

i=1 j=1
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Figure 3: In this example, there are 4 slots on the list(n=4),
6 items in the candidate set (m=6) and 2 allowable content
categories (c=2). Items 1, 2, and 4 belong to category 1, and
items 3, 5, and 6 belong to category 2. The direction of the
edges indicate the direction of the flow from the source node
to the sink node

To penalize how much ¢ deviates from p, we must modify the
objective function as is done in [29] by introducing a penalty that
grows with the divergence Dk (q||p) (e.g., Kullback-Liebler diver-
gence) in a weighted way as follows:

m n C
. q(k)
M* = argmax(1— 1) X M;iAjj — A (k) lo (6)
gM Z Z ijAij kZ:; q g (k)
If g(k) = j/n, that is, if the solution picks j items of category k,
the penalty term corresponding to category k in the above objective
can be written a as:

i=1 j=1

By = L1og () - L1og (k) )

Using this notation, we can re-write the objective as:

m n c
M* = arg max(1 — 1) x Z Z MijAij — A x Z Ejngty
M i=1 j=1 k=1

We are now ready to cast the calibration problem to the min-cost
flow problem. For network flow we need to define what the cost of
sending a certain amount of flow from one node to another is. In
the min-cost flow problem, the costs are allowed to be positive or
negative. As we saw in the Equation 8 the objective function has
two components: 1) the sum of the relevance scores of the n items
that are placed into n slots, and 2) the sum of the miscalibrations
we get if we have those n items in the list. Note that our goal is to
maximize Equation 8 and so in order to cast our problem to min cost
flow we negate both terms and use them as costs in our network
on the appropriate edges as we will describe below. We also need
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to assign a capacity for each edge connecting two nodes. For the
calibration problem, since there is no real meaning of having a
capacity for an edge, we assign capacity 1 to every edge. In section
6 we will discuss the optimality of the recommendations generated
by this approach.

We construct an instance of the min-cost flow problem consisting
of the following sets of nodes and edges, as illustrated in Figure 3.

(1) A source node src.

(2) nnodes yi,...,yn, each corresponding to a slot, with zero-
cost edges from src.

(3) mnodes ty, ..., tm, each corresponding to an item. For every
i€{l,...,n}and j € {1,...,m}, we connect y; to t; with
an edge of cost —A;;.

(4) mnodesuy, ..., um, each corresponding to an item. For every
j € {1,...,m}, we connect t; to uj with a zero-cost edge.
This ensures each item to be picked for no more than one
slot, as only a maximum flow of one is possible from t; to
uj.

(5) For each category k € {1,...,c}, nnodes wy 1, Wi 2, . .., Wk -
For each item j € {1,..., m}, if this item belongs to category
k, we add zero-cost edges from u; to all the n category nodes
wy; corresponding to category k.

(6) Asink node snk with edges from all category nodes wy ;. The
cost of the edge from node wy ; to snk is set to Ey ; — Ej ;_;

4 EXPERIMENTAL SETTING

We now describe the details for evaluating our proposed algorithm,
the data we used, the metrics we measured, and the comparison to
the existing approaches.

4.1 Data

We used two publicly available datasets that contain item categories
(genres) in addition to the user-item ratings. Although, similar to
[29], we used genres in this paper to represent item categories, any
kind of other categorization (e.g., popular vs non-popular, movies
vs TV series vs Live shows, etc.) can be used if that information is
available and the recommendation platforms care about calibrating
the recommendations towards those categories for each user. The
first dataset is Movielens 20M dataset [8] which contains 20 mil-
lion ratings applied to 27,000 movies by 138,000 users. Following
Steck [29], we retain only ratings of 4 stars and higher, converting
them into a binary “liked” signal. Examples of some popular genres
in this dataset are Drama, Romance, Action, and Thriller.

The second dataset is the Last.fm 1b music dataset [27]. We
created a sample of the dataset with 10,000 users and 10,000 tracks
resulting in 2,765,176 interactions. Some popular genres in this
dataset are Alternative Rock, Indie, Pop, and Electronic.

4.2 Baselines and candidate generation

A calibration algorithm needs a candidate set, larger than the final
recommendation set, generated by a recommender algorithm to
extract a calibrated and relevant list. Any algorithm can be used to
generate this candidate set as calibration is done on top of this set so
the mechanism of the calibration is independent from the algorithm
that generated the candidate set. We used Bayesian Personalized
Ranking (BPR) [24] for this purpose as it can be used on binary
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ratings. We set the size of the candidate set to 100 and use calibration
algorithms to extract the final list of 10 items to be recommended
(i.e., m = 100, n = 10). We compare our proposed approach to two
existing techniques for calibrating recommendations:

e Greedy: the greedy approach proposed by Steck [29]. The
process is as follows: starting out with the empty set, the
algorithm iteratively appends one item i at a time. At step
n, when the algorithm has already constructed the set I;,—1
comprised of n — 1 items, the item i that maximizes an ob-
jective function which is a combination of relevance of the
recommendations and the miscalibration degree of the con-
structed list as described in [29]. The process is repeated to
generate the full I* of size n.

Mixed Integer Programming (MIP): this algorithm pro-
posed by Seyman et al in [28] outperformed the greedy
approach proposed by Steck as described in [28]. As au-
thors stated in their paper, they used the Gurobi software
[7] and they limit the time to 10 minutes with optimization
gap 1074 for every user separately. Gurobi implements the
branch&bound algorithm to solve mixed integer programs.
In worst-case scenarios, this algorithm can have exponen-
tial time complexity [20]. We use the same settings for this
algorithm as suggested by the authors.

Throughout the rest of the paper, we denote the candidate gen-
eration algorithm as Base, the greedy approach proposed in [29] as
Greedy, the mixed integer programming technique proposed in [28]
as MIP, and our proposed Min Cost Flow approach as MCF.

4.3 Evaluation Metrics

To evaluate the performance of each of the calibration approaches,
we consider several metrics to compare how each algorithm per-
forms from different angels: 1) the average expected relevance of
the recommendations, 2) how calibrated the recommendation lists
are for different users, and for different user groups, 3) what is the
performance of each algorithm on ranking metrics, and 4) how they
perform in terms of processing time.

e Relevance Score: This is the average predicted score for
items in the recommended list. It models the expected rele-
vance of the recommended items to an end-user.

e Miscalibration (Mg ): the KL-divergence between the dis-
tribution of different genres in the recommended list (Q) for
each user and the distribution of genres in their profile (P).
Lower values for miscalibration indicate better performance
in terms of calibration. ¢ is the set of genres.

C
M = Dir (PIIQ) = = Y q(k) log 1) ©)
L (0
In addition, we measure the performance of the algorithms on
common ranking metrics such as precision, recall, and Normal-
ized Discounted Cumulative Gain (NDCG).

e Precision: Number of items in the recommended list that
were previously liked by the user divided by size of the list.

e Recall: number of liked items in user’s historical interaction
that appear in the recommendation list.

e Normalized Discounted Cumulative Gain (NDCG): simi-
lar to precision but a liked item in higher positions on the list
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Figure 4: Miscalibration vs relevance. Larger marker size
indicates larger A values.

has higher weight and the weight decreases logarithmically
for lower positions.

5 RESULTS

In this section, we present the results of the experiments we con-
ducted to compare our proposed calibration algorithm with existing
approaches in terms of relevance of the recommendations, the mis-
calibration degree, and also some other ranking metrics. We do that
both across all users and also for different user groups as you will
see in section 5.2.

5.1 Overall performance

We first compare our proposed algorithm with existing approaches
in terms of the trade-off between the relevance of the recommen-
dations and miscalibration, and also several ranking metrics across
all users.

5.1.1 Trade-off between relevance and miscalibration. Besides the
Base algorithm, all the other algorithms in this section aim at build-
ing a recommendation list that has a good trade-off between the
relevance of the recommendations in the list and how calibrated
the list is in comparison to the user’s historical interactions. Figure
4 shows the trade-off between the average relevance score of the
recommended items and miscalibration for Greedy, MIP, and MCF
approaches compared to the Base algorithm on both datasets. As
expected, all algorithms have reduced expected relevance (as mod-
eled by the average predicted score) to a certain degree in order to
achieve more calibrated recommended lists for larger values of A.
What can be seen in this plot is that the green points for MCF solu-
tion is on the Pareto frontier and there is no A value for the Greedy
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approach nor for the MIP approach that yields simultaneously bet-
ter relevance estimates and better miscalibration which indicates
the superior performance of our proposed approach in achieving
the best trade-off between expected relevance and miscalibration.

5.1.2  Recommendation ranking accuracy and calibration quality.
The Precision@10, Recall@10, NDCG@10, and Miscalibration val-
ues for all algorithms are shown in Figures 5(i) and 5(ii).

On Movielens, we can see that, unlike other calibration tech-
niques, MCF has maintained ranking metrics such as precision,
recall, and NDCG for A values up to 0.7 while lowering miscali-
bration. Greedy has lost the highest degree of NDCG meaning the
algorithm does mess up the ranking quality compared to the other
two calibration techniques due to its iterative approach. Overall,
MCEF has greatly lowered miscalibration compared to the Base. For
the same level of miscalibration, other calibration techniques have
performed poorer compared to MCF in ranking metrics indicating
a better performance of MCF achieving a better trade-off between
miscalibration and ranking quality. For example, up to 1 = 0.6,
MCEF has not lost any degree of Precision, Recall or NDCG but has
substantially lowered the miscalibration. On the music data, the
ranking metrics are actually improved for MCF for A values up to
0.7. Both MCF and MIP has done well in lowering miscalibration
but MCF has performed better in relevance and ranking metrics.
Also, remind that the MIP is based on Mixed Integer Programming
and there is no guaranty of finding an optimal solution if the size
of the problem is large.

Overall, the proposed MCF algorithm has achieved a better trade-
off between the miscalibration, relevance, and other ranking metrics.
When the order of ranking matters (NDCG metric), Greedy has
performed the poorest due to its iterative construction of the lists.

Next we examine the performance of different calibration ap-
proaches on different user groups with varying degree of interest
in popular items and varying degree of genre diversity.

5.2 User Groups Analysis

Often it is possible for a certain algorithm to perform well on
average but not for different groups of users with different char-
acteristics. For example, an algorithm may give highly calibrated
recommendations to users who have mainstream interests but per-
form poorly for those with a more niche-focused taste. A successful
recommender platform needs to ensure that it delivers a consis-
tent performance for different groups of users. We investigate this
from the perspective of 1) users with varying degree of interest in
popular items and 2) users with different levels of genre diversity.
Grouping based on users’ popularity tendency. Users have
different tendency towards popular items and it is important for
an algorithm to give consistent performance across different user
groups with varying degrees of interest towards popular items.
Popularity of an item is measured as the ratio of users who have
consumed (or interacted with) that item [11]. For this purpose,
similar to [16, 17], we bin the users into three groups based on their
tendency towards popular items.
o L-Pop:The bottom 20% of users in terms of popularity ten-
dency(i.e. the users who have low interest in popular items.
e H-Pop: The top 20% of users in terms of popularity tendency.
These are the users who have high interest in popular items.
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Figure 5: Miscalibration vs relevance, precision, recall, and
NDCG. Larger marker size indicates larger A values.

e M-Pop: These are the users who have medium interest in
popular items and fall between L-Pop and H-Pop users.

Grouping based on users’ genre Diversity.

It is also important to note that users have different levels of
diversity in terms of the number of different genres they like: some
are concentrated on few genres and some are more open to try
different types of genres. For instance, some users may only listen
to Rock and Indie music but some others may listen to a wide
variety of different music genres. The question is how each of the
calibration approaches performs for these different groups of users.
To answer these questions, we group the users as follows:

e L-Diverse: The bottom 20% of users in terms of genre count.
These are the most focused users with the lowest number of
genres in their consumption history.

e H-Diverse: The top 20% of users in terms of genre count.

These are the users who have a diverse taste and have the
highest number of genres in their consumption history.

e M-Diverse: These are the users who fall between L-Diverse
and H-Diverse users.

Figure 6 shows the average miscalibration for all the algorithms
for different user groups on the MovieLens dataset. Firstly, we can
see that all algorithms have lowered miscalibration for all user
groups. MCF consistently has the lowest miscalibration for all user
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Figure 6: Average Miscalibration of MovieLens recommenda-
tions for different users groups L-Pop (users with low popu-
larity tendency), M-Pop (users with medium popularity ten-
dency), H-Pop (users with high popularity tendency), Low-
Diverse (users with low genre count), Med-Diverse (users
with medium genre count), H-Diverse (users with high genre
count).
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Figure 7: Average Miscalibration of music recommendations
for different users groups L-Pop (users with low popular-
ity tendency), M-Pop (users with medium popularity ten-
dency), H-Pop (users with high popularity tendency), Low-
Diverse (users with low genre count), Med-Diverse (users
with medium genre count), H-Diverse (users with high genre
count).

groups regardless of their popularity tendency or genre diversity.
Interestingly, for groups based on genre diversity, all algorithms
except MCF have their best performance for users who are inter-
ested in a wider range of genres (H-Div). In other words, it is harder
for these algorithms to deliver more calibrated recommendations
for users who are focused on few genres. MCF, on the other hand,
has performed superior for this focused users indicating that the
algorithm can consistently produce calibrated recommendations
for users regardless of the diversity of their taste. Overall, we can
see that MCF approach consistently has lowered miscalibration for
all user groups.

Figure 7 shows the same information for the music data. The
same pattern also can be seen on this dataset.
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6 OPTIMALITY

We presented our empirical results in section 5 and we saw that the
proposed algorithm consistently outperformed existing approaches
in having better calibrated recommendations while maintaining
good accuracy and ranking metrics. In this section, we prove that
our proposed approach can theoretically guaranty an optimal solu-
tion.

THEOREM 6.1. A minimum cost flow that sends n units of flow
from src to snk in the graph defined in section 3 corresponds to the
optimal solution of the calibration problem.

Proor. Note that since m > n, it is possible to send n units of
flow from src to snk [4].

If we assume, the total cost from src to snk is the sum of the
negative of the relevance scores (—A) and the miscalibration score
(2%, Ex.ng(k))> we aim to minimize this cost and hence maximizing
the objective function. More formally:

m n C
arg max(1 — 1) X Z ZMiinj —AX ZEk,nq(k) =
M 4
J

i=1 j=1 k=1
arg min(A — 1) x Z Z MijAij + A X Z Ef ng (k)
M i=1 j=1 k=1

Our goal is to prove that a solution to the calibration prob-
lem with objective value V = (1 - 1) x X2, ;‘:1 M;jAij — A %
_Zi:_l E,ng(k) can be turned into an n-unit ﬂ(.)w in the graph shown
in Figure 3 of cost —V, and conversely, a min-cost way to send n-
units of flow from src to snk at cost C can be turned into a solution
to the calibration problem with objective value —C. We will use the
following proposition in our proof:

PROPOSITION 6.2. Foreveryk, Ey ; is a convex function of j. There-
fore, Ey j — Ey j_1 is non-decreasing in j.

We start with the more straightforward direction: assume we
are given a solution M to the calibration problem with objective
value V. A flow in the above graph can be constructed as follows:
for each i € {1,...,n}, we send one unit of flow from src to y;,
and then from y; to t;, where j is the item placed in slot i. This
flow will then be passed to u. Note that this is possible, since each
item appears in at most one slot. Next, this flow should be sent to
one of the nodes wy ;, where k is the category of j. We know that
the solution M contains precisely nq(k) items of category k. For
each of these nq(k) items, say item j, we pick one of the nodes
Wk,1 - - > Wk,ng(k)> and send a unit of flow from u; to this node.
This ensures that among all the n nodes wy; for category k, the
first nq(k) of them receive one unit of flow, and the rest receive
no flow. The nodes that receive a unit of flow pass this to snk. We
now calculate the cost of this solution. The cost of the flow on
the edges between y;’s and t;’s is precisely — X2, Z}’:l M;jAij.
Also, for every category k, the cost of the edges from wy ;’s to

. nq(k)
snk is Zi=ql (Ek,i - Ek,i—l) = Ek,nq(k) —Epo = Ek,nq(k)~ All the
other edges have zero cost. Therefore, the total cost of this flow is
= 2121 Loy MijAij + 25y Enge) = V-
For the other direction, assume the min-cost n-unit flow in the
above graph has cost C. By the integrality theorem of min-cost
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flows [14], there is a min-cost flow that is also integral, i.e., it sends
either 0 or 1 units of flow on each edge. For each category k, if there
are two nodes wy , and wy ,» with r < r’ such that there is no flow
on the edge from wy , to snk but there is flow on the edge from
Wy to snk, we can change the flow as follows: the node u; that is
sending one unit of flow to wy ,» will now send it to wy, instead,
which will send it to snk. By Proposition 6.2, the cost of the edge
from wy , to snk is not larger than the one from wy ,+ to snk, so this
change will not increase the cost of the flow. By iteratively doing
such changes, we get a min-cost flow such that for each category

k, there is one unit of flow on edges from wy 1, ..., Wi r(x) to snk
and zero flow on edges from wg (k) 41, - - -» Wk, to snk. This means
that the total cost incurred on the edges from wy ;,..., wy , to snk

. k
1S Zfz(l) (Ek,i - Ek,ifl) = Ek,r(k) - Ek,O = Ek,r(k)' We can define a

solution to the calibration problem based on this flow as follows:
for each slot i, we place in this slot the item j such that there is a
unit flow on the edge from y; to t;. It is easy to see that this is a
valid solution to the calibration problem, and its value is -C O

To summarize, since we cast the calibration problem to the min-
imum cost flow, and the graph we constructed according to the
instructions we described in section 3 contains no negative cost
directed cycle, it can be proved that there is a feasible flow from
the source node to the sink node and, by definition, the flow is
optimal [12]. Moreover, the process for finding a feasible flow has
a Polynomial time complexity [22, 23].

7 LIMITATIONS

In this section we describe a limitation of our proposed approach
which is processing time especially when we generate larger rec-
ommendation lists.

On the one hand, when the number of available slots (n) in the
recommended list is too small compared to the number of cate-
gories (c), it would be challenging to achieve a calibrated list that
covers the diversity of users’ interest. On the other hand, if n is
too large, it would impact the time and memory complexity of the
calibration algorithms. In this section, we evaluate the performance
of our proposed algorithm in comparison with the Greedy algo-
rithm in generating recommendation lists of different sizes to see
the trade-off between recommendation size, calibration, relevance,
ranking metrics and, time. We did not include MIP here since, as we
mentioned in section 4.2, the algorithm needs a time limit for each
iteration (authors recommended 10 minutes) in order for the algo-
rithm to stop even for smaller recommendation sizes as otherwise
the algorithm could take days on the dataset we used. Therefore,
the processing time does not have much meaning for that approach
in this case. Figure 8(i) and 8(ii) show the effect of recommendation
size (n) on miscalibration, accuracy metrics, and also processing
time in minutes.

We can see that, on MovieLens, miscalibration initially drops
for lists with larger sizes as there is more room for incorporating
different types of content in the list but once it reaches the size
30 it stops decreasing. Moreover— as expected— the average rele-
vance scores of the recommendations consistently drops for larger
recommendation sizes since items with lower relevance scores
make their way into the list. What can be seen is that MCF has
the best miscalibration for all recommendation sizes. Regarding



WSDM °23, February 27-March 3, 2023, Singapore, Singapore

o
=)

I ® v % MCF 0.24 MCF
|0-8 IS Greedy Greedy & 0.22 Greedy

]
07 2o7 50.20
Xp.e o o' w18
3 [ $0.16
0.5 5 o
: &) 0.5 a 0.14
0.4 0.12
! = 5172030 40 50 5 10 20 30 40 50 5 10 20 30 40 50
n n n
(a) (b) (c)

Himan Abdollahpouri et al.

0.30 MCF MCF 500 MCF
Greedy 0.12 Greedy 200 Greedy

(i) MovieLens

o
=]

" MCF MCF MCF
|0,7 Greedy Q Greedy c 0.14 Greedy
l = o
906 & 0.7 G012
9}
2ps Qo6 @ 0.10
4 Q I
o & o5 0.08
lo.3
= =5l 0=20 30 40 50 5 10 20 30 40 50 5 10 20 30 40 50
n n n
(a) (b) ()

0.25
© L 2 300
y 0.20 9 0.08
9] a iZ 200
o 0.15 Z0.06 o e
Moo
0.10 0.04 |
0
5 1020 30 40 50 51020304050 | — 5-10:20 30 40 50
n n n
(d) (e) (f)
0.35 MCF 0.08 MCF
0.30 Greedy Greedy Greedy
5 025 Q9 0.06
o =}
@020 a
& 515 = 0.04
0.10 .
5 10 20 30 40 50 5 10 20 30 40 50 | 5 10 20 30 40 50
n n n
(d) (e) (f)

(ii) Last.fm

Figure 8: The effect of recommendation size on miscalibration, relevance, precision, recall, NDCG, and processing time

the ranking metrics (precision, recall, and NDCG), also as expected,
recall improves since there is more room for the recommender to
correctly recall the previously liked items by the user (generally,
Vi,j € N: recall@i > recall@j if i > j) but precision and NDCG
drops. However, what is also clear is that the Greedy approach is
much faster than our approach especially for larger recommenda-
tion sizes. However, as we can see in the figure, the processing
time for both algorithms for smaller recommendation sizes are rel-
atively close which makes the time complexity a bit less important
since many recommendation sizes in real-world applications are
around 10-20 items. In those cases, MCF has lowered miscalibration
substantially more than Greedy as can be seen by the dotted red
rectangle around the recommendation with smaller sizes. With that
being said, if large recommendation sizes are needed and processing
time is more important than having better calibrated recommenda-
tions then the Greedy approach can be a preferred approach.

The same pattern exists for Last.fm. What is important to take
way from this section is the fact that 1) the size of the recommenda-
tion list given to each user is a key factor for controlling the degree
of calibration. However, also one should note that larger recom-
mendation size is associated with larger drop in average relevance
of the recommendations and also larger processing time especially
for MCF approach.

8 CONCLUSION AND FUTURE WORK

Calibrating the recommendation list for each user in order to cover
a wider range of the user’s interest and in the right proportion is
an important list-wise property. We proposed a solution based on
minimum cost flow problem for calibration, which achieves the
best possible trade-off between calibration and relevance. We eval-
uated our algorithm on two datasets, showing that the proposed
solution is superior to existing ones in several ways: 1) it generates
recommendation lists with the optimal trade-off between relevance

and miscalibration, 2) unlike existing calibration techniques, our ap-
proach rarely hurts ranking metrics and in some cases it improves
them, and 3) it performs consistently well for different user groups
with varying degree of interest in popular items and different levels
of genre diversity. One limitation of our approach compared to the
Greedy technique is the processing time especially for larger recom-
mendation sizes— Greedy is much faster for larger lists. However,
we saw that the two have relatively similar processing time for
shorter recommendation sizes (up to 20 items in the list which is a
typical size for many real-world recommenders) yet our proposed
approach can lower miscalibration to a much greater extent.
Several interesting research questions remain open and we leave
them for future research. Whether fully calibrating a list according
to the user’s consumption history is ideal needs further research,
and the short answer is most likely no. The reason is that many
users also appreciate some degree of exploration and surprise, so
deviating from historical consumption every once in a while might
be helpful. In addition, the calculation of user’s historical distribu-
tion across content categories can be done in a more sophisticated
way by taking into account the recency of consumed content or
by assigning confidence levels to each user’s content distribution
based on how mature the user’s profile is (e.g., a user who has joined
the platform a week ago may still need time to explore enough so
their consumption history could better represent their taste).
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