SoCRATe: A Recommendation System
with Limited-Availability Items

Davide Azzalini*
Politecnico di Milano
Milan, Italy
davide.azzalini@polimi.it

Tommaso Dolci*
Politecnico di Milano
Milan, Italy
tommaso.dolci@polimi.it

ABSTRACT

We demonstrate SOCRATE, an online system dedicated to provid-
ing adaptive recommendations to users when items have limited
availability. SOCRATE is relevant to several real-world applications,
among which movie and task recommendations. SOCRATE has
several appealing features: (i) watching users as they consume rec-
ommendations and accounting for user feedback in refining recom-
mendations in the next round; (ii) implementing loss compensation
strategies to make up for sub-optimal recommendations, in terms of
accuracy, when items have limited availability; (iii) deciding when
to re-generate recommendations on a need-based fashion. SOCRATE
accommodates real users as well as simulated users to enable test-
ing multiple recommendation choice models. To frame evaluation,
SoCRATE introduces a new set of measures that capture recom-
mendation accuracy, user satisfaction and item consumption over
time. All these features make SOCRATE unique and able to adapt
recommendations to user preferences in a resource-limited setting.
A video of SOCRATE is available at https://youtu.be/4wlaScc_rUo.
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1 INTRODUCTION

The goal of a recommendation system is to produce a set of items
that are highly relevant to a user. A typical recommendation work-
flow takes historical user data, applies a strategy that produces
relevant recommendations, and measures accuracy [4-6, 8—12].
The decision of refining recommendations is usually made offline
based on how well a given strategy performs, and based on the
users’ explicit and implicit feedback. In this paper, we advocate for
an iterative approach that benefits from observing users as they
consume proposed items, thus creating a feedback loop to adapt
recommendations to users on the fly in the next iteration. This is
particularly important when items have limited availability, such
as product recommendation, where only a fixed number of copies
of an item is available, and in crowdsourcing, where tasks are to be
completed by a fixed number of workers. Our work relates to both
sequential [14] and session-based [13] recommendations.

We demonstrate SOCRATE,! a system dedicated to providing
adaptive recommendations to users. The limited availability of
items incurs competition between users for the same items, which
in turn results in users receiving sub-optimal recommendations.
SoCRATE introduces the notion of item compensation in subse-
quent iterations, which aims to treat users equally.

1.1 Challenges

The first challenge C1 is to model user behavior, i.e., how users
consume recommendations, and capture both explicit and implicit
feedback. Explicit feedback represents the actions taken by the
users when provided with recommendations. Examples of actions
include rating movies, and completing a task. When users are simu-
lated, different assumptions can be made to reflect how they choose
to adopt their recommendations. When users are real, their explicit
choice of items out of recommended ones needs to be captured.
Additionally, several implicit signals can be captured, including the
order and speed at which users consume recommendations. The
second challenge C2 is to leverage the observed feedback to refine
recommendations in the next iteration. This challenge is coupled
with the need to be adaptive regardless of the recommendation
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strategy. It also raises the question of the order in which users
are compensated for the loss incurred from competing on limited-
availability items. Indeed, when the number of copies of an item
is limited (referred to as availability), some users may not get an
item even if it is in their top choices. This may happen in book
recommendation or in crowdsourcing, where the number of work-
ers who complete a task is limited. Appropriate loss compensation
strategies must hence be devised in subsequent steps. The third
challenge C3 is to determine at what moment and for which users
recommendations are re-optimized based on their feedback. Indeed,
users consume recommendations at different speeds resulting in
different priority groups.

1.2 Contributions

SoCRATE watches recommendation consumption and decides to
apply a loss compensation strategy to make up for sub-optimal
recommendations due to limited item availability.

To address C1, we introduce an objective function in the form
of a linear combination of several dimensions that capture users’
preferences when choosing recommendations. At each iteration,
SoCRATE assumes that users choose k out of N provided recom-
mendations. For instance, when presented with a list of movie
recommendations, users may choose highly relevant items (utility-
based) while also favoring affordable items (cost-based). In the case
of crowdsourcing, users may pick tasks that are relevant to their
profile (utility-based) while also looking for tasks posted by differ-
ent requesters (diversity) and with high compensation (payment).
To capture that, we devise a generic objective function where each
dimension receives a weight according to the user’s choice. When
users are simulated, we implement three choice models [2, 3, 15]:
random, where users are assumed to choose items randomly; utility-
based, where users are assumed to choose items in decreasing order
of their utility with respect to their profile; and rank-based, where
users are assumed to choose their items in the order in which they
are ranked by the objective function.

To address C2, SOCRATE captures each user’s feedback as a
weight vector, where each entry represents the preference of a
user for an optimization dimension. This representation is generic
enough to capture a variety of applications. To refine weight vectors,
SoCRATE runs a regression that compares the k chosen recommen-
dations against the remaining N — k. Refined weight vectors are
used to re-rank the recommendations produced for each user to
match their feedback. Due to limited item availabilities in some
applications, users may compete for some items and not receive
their optimal recommendations. Hence, we model the loss for a
user as the difference between the proposed recommendations and
the optimal recommendations that would have been returned to
the user if other users were not considered. This loss is leveraged
in the next iteration to compensate users, either individually or
in groups according to the temporal granularity. We develop two
loss compensation strategies: preference-driven, where users are
compensated in decreasing loss order by receiving all their rec-
ommendations in preference order before the user with the next
smaller loss is served, and round-robin, where users are considered
in decreasing loss order but items are recommended to them in
round-robin with respect to item availability.
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U set of users

I set of items

R, list of recommended items for user u at time ¢

N number of recommended items in RY,

OptR;, optimal list of recommendations for user u at time #
M number of optimal recommendations in OptR’,
O;;tR; top N recommendations from Op¢RY,

St list of adopted items by user u at time ¢, S%, C R},
K number of adopted items by user u at time ¢

avail(i,t) | number of copies left of item i at time ¢

SortU* ranking of U in decreasing loss loss, at time ¢

wt weight vector for user u at time ¢ based on S,

loss}, vector of one loss per dimension for user u at time ¢

Table 1: Symbols of the data model of SOCRATE

To address C3, we develop two temporal granularities: fixed,
where recommendations of all users are re-optimized at fixed time
periods, and user-group, where the best moment is determined for
a group of users as a function of when they are all ready. In that
case, groups will be determined based on similarity in behavior, e.g.
how fast users are to consume their recommendations.

2 THE SOCRATE SYSTEM

2.1 Architecture of SOCRATE

The architecture of SOCRATE is provided in Figure 1. Table 1 sum-
marizes the symbols of the data model. The ORCHESTRATOR (1) is in
charge of determining the moment at which recommendations are
re-generated for individuals or for user groups. It monitors when
users are done consuming recommendations from the previous
iteration and uses this to determine when to re-generate recom-
mendations and start the next iteration. It implements our two
time granularity splits: fixed and user-group. It makes use of the
recommendations adopted by users S/, according to the CHoICE
MobEL in use (2), and triggers the WEIGHT UPDATE module (3) to ob-
tain the new weights. Weight computation leverages S, along with
the previous recommendations R, ! and their optimal counterpart

OﬁtR,Z_l to return the updated weights W;..

Following that, the INDIVIDUAL RECOMMENDER module (4) is
called to produce new recommendations based on the weights as-
sociated with each user. This module returns OptR?,, which is fed
to the COMPENSATION STRATEGY module. Here the USEr SorTING
module (5) sorts users according to their loss and calls the ITEMm
ReEcoMMENDATION module (6). This module implements two strate-
gies: preference-driven and round-robin. The output is a set of new
recommendations, R, that are fed to the Loss COMPUTATION mod-
ule (7) to compute each user’s incurred loss, loss,, by comparison

with OﬁtR;, i.e., the top N optimal recommendations from OptRY,.
SoCRATE then iterates by calling the ORCHESTRATOR.

2.2 Ul and Algorithms of SOCRATE

Figure 2 is a screenshot of the UI of SOCRATE. Zone A is the Control
Panel, where the user selects the dataset to analyze along with
compensation parameters, user choice model, and time granularity.
The UI provides the following features:

Loss Management. Here the user can see the evolution of differ-
ent aggregations of the loss incurred by a selected subset of five
users of SOCRATE. In particular, Zone B displays the loss at each



SoCRATe: A Recommendation System with Limited-Availability Items

ORCHESTRATOR 1

losst !

CIKM 22, October 17-21, 2022, Atlanta, GA, USA

{avail (i, t)}

lossi !

W
CHOICE u t
ATION STRATEGY Ry
MODEL €0 ON'S ¢
¢
Rl . 7 ) SortU' . 7 ,
x st Wi INDIVIDUAL OptR;, Ry LosS loss,,
“ RECOMMENDER ICOMPUTATION
A user 3 ITEM 6
SORTING RECOMMENDATION
R WEIGHT wi s
OptRL! UPDATE 4 : OptRY,
e .
OptR!,
TOPN
i Lo |
i

+
Wa

orchestration

DRt e e S T TR TR P T PR e TR P TR ST PRRELER >

th s . .
t™" iteration orchestration

Figure 1: Architecture of SOCRATE

iteration for u_max, i.e., the user with the highest total loss after the
simulation has ended, u_min, i.e., the user with the lowest total loss,
u_25%, u_50% (median user) and u_75%, i.e., the users with a total
loss closest to the 25¢%, 50t" and 75!" percentiles, respectively. Such
information is displayed both for the specific instance of SOCRATE
based on the choices made in Zone A (top) and for a baseline where
no compensation is applied (bottom). Zone C contains similar in-
formation as Zone B, except for the fact that cumulated loss is
displayed instead of that incurred at the current iteration. Zone D
sums up in a single scalar value the performance of different com-
pensation strategies by means of gauge charts. Specifically, mean
and standard deviation of the cumulated losses computed among all
users at the last iteration are displayed for both the specific instance
of SOCRATE (top) and for a baseline (bottom).

Item Management. Zone E is dedicated to the evolution of item
consumption in terms of availability and popularity. Item distribu-
tion according to four availability clusters is displayed by means
of a series of histograms (left), one for each iteration. The distribu-
tion of popularity among currently available items is also shown
through a percentage stacked area chart (right) according to three
popularity groups. Finally, Zone F reports overall statistics.

Algorithm 1 SOCRATE

Input: Yu, losst ™, Ri71, Opt R, Wit

Output: Yu, loss?!, R:, OptRL, W}
1: forallt €1,..,T do
2 St ChoiceModel (R} ), forallu € U
3 Wl « WeightUpdate(OptR, ™, R, WL SE), forallu € U
4 OptR! « IndividualRecommender(W/r), for allu € U
5
6

SortU" « UserSorting ({Wt}, {loss’™})
: R!, — ItemRecommendation (SortU’, OptR!, {avail(i,t)}), for
allu e U
7. loss! « LossComputation(OptR!,R.), forallu € U
8: end for

Algorithm 1 shows how SOCRATE operates (further details are
provided in [1]). The system is illustrated for fixed time, but the
same applies to user-group. It takes as input ¢, the moment where a
new iteration starts according to the ORCHESTRATOR, and, for each
user u, loss! ™1, R, OptR:Y, WL Tt outputs for each user loss,
R!, OptR, W}. The line numbers in the overall algorithm reflect

the module numbers in Figure 1. Lines 5 and 6 correspond to the
compensation strategy. Each strategy receives a list of users sorted
in decreasing loss, SortU?, the optimal recommendations, in terms
of accuracy, for each user, OptR!, the availability for each item,
avail(i, t), and produces a list of recommended items for each user,
R!. When preference-driven compensation is adopted, N items are
recommended to the first user in the sorted list before moving to
the next one. The round-robin variant recommends one item at a
time to each user (according to their order in the list), until N items
are recommended to each user.

Preference-driven compensation is expected to be more effective
at maximizing the satisfaction of the first users in the list. As a result,
this strategy should be preferred when the system detects that some
users are unsatisfied with the recommendations they get, and thus
may be prone to abandon the system, thereby affecting overall user
retention. Round-robin compensation should perform best when the
goal is to consume as many items as possible. Under this strategy, it
is very likely that all users get at least a few items they like, which
will affect their consumption rate. Figure 3 illustrates the difference
between our compensation strategies when item availability is low
(e.g., equal to 1). On the left example, users have similar optimal
recommendations: in this case, preference-driven favors u, while
round-robin treats u; and uy more equally. On the right example,
users do not compete since they have different preferences.

3 DEMONSTRATION SCENARIO

We demonstrate SOCRATE over three real-world datasets, namely
Amazon Digital Music, Amazon Movies and TV,2 Task Recommen-
dation. We keep only those users and items with at least 5 reviews
each in the Amazon music dataset, and at least 20 reviews in the
Amazon movie dataset. In Task Recommendation [7], users (workers)
complete and rate task sessions. The dataset consists of 200 workers
and 20k tasks. Each task belongs to one of 10 types, such as tweet
classification, image transcription or sentiment analysis, and has a
reward that varies between $0.01 and $0.05. Additionally, we give
the opportunity to test the system on a synthetic dataset to control
conflict between users and examine its impact on compensation.
Three possible stakeholders may interact with our framework:
system administrators may use SOCRATE to monitor the correct

2https://jmcauley.ucsd.edu/data/amazon/
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Figure 2: Screenshot of SOCRATE User Interface, showing real results from a simulation on the Amazon Movies and TV dataset.
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Figure 3: Illustration of the two compensation strategies. The
list of optimal recommendations of each user is shown in
decreasing relevance. The numbers on the arrows reflect the
order on which items are recommended. On the left, the two
users compete as they have similar recommendations. On
the right, they do not compete.

functioning of their system, software developers may use the in-
sight coming from SOCRATE to fine tune the recommender system,
finally, end-users will understand if and why the recommendations
they received are good or not.

Figure 2 illustrates the use of SOCRATE; let us choose the follow-
ing parametrization (Zone A): Amazon Movies dataset, preference-
driven compensation, rank-based choice model and fixed time gran-
ularity. The Statistics panel (Zone F) displays general information
about the dataset, such as the number of users and items, and the
average availability of items. By analyzing the Loss section (Zone
B), a system administrator can inspect the loss that five selected
users obtain at each iteration and compare it with a baseline where
no compensation strategy is applied, therefore users are always
considered in the same order by the recommender. The bottom
multi-line chart demonstrates how the baseline approach treats the
five users very disparately: two of the users (u_min and u_25%) do
not experience any loss, u_50% experiences a small amount of loss,
while the other two (u_75% and u_max) experience a significant
amount of loss. On the other hand, SOCRATE provides substantially
better recommendations, equally distributing the loss among all

users. The Cumulated Loss section (Zone C) shows the total loss ex-
perienced by our five selected users. From the two charts it is clear
how SoCRATE (upper chart) not only treats the users more equally
but it also provides lower overall loss; this is confirmed by the first
two gauge indicators (Zone D) showing the Average Cumulated
Loss of SOCRATE compared to the baseline. Specifically, SOCRATE
obtains a value of 0.76, lower than 0.89 obtained by the baseline.
The two gauge indicators in the bottom part of Zone D display the
standard deviation of the Cumulated Loss, which quantifies the
disparity between the users of the system,; in fact, SOCRATE scores
0.42 while the baseline obtains 0.94, again confirming a more equal
treatment of the users. This is useful for system administrators to
improve the equity of her recommender. Also end-users can see
whether the recommender is treating them equally.

Finally, Zone E contains two charts displaying on the left the
availability in the form of histogram, on the right the popularity
shown as a percentage stacked area chart. Here stakeholders can
inspect item availability and popularity during the different iter-
ations. From the chart on the right, it is clear that highly popular
items are consumed very fast, while medium and low popularity
items are consumed in later iterations. The histogram on the left
displays, for three groups (low, medium and high availability), how
many items remain at each consequent iteration. System adminis-
trators and software developers can use this information to manage
copies of items, both in the case of physical items (to make lo-
gistical decisions), and multimedia content (to balance the server
load). Moreover, system administrators can monitor item through-
put and whether there exist items that are never recommended and
consumed, and modify the recommendation strategy accordingly.

We have demonstrated SOCRATE, an online system able to pro-
vide adaptive recommendations to users. SOCRATE models user
behavior and implements strategies to compensate the loss incurred
from competing on items with limited availability.
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