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ABSTRACT

We consider sequential recommender systems that work in multiple
sessions, with a fixed catalog. Each session opens with a single rec-
ommendation. Acceptance leads to another recommendation. The
session ends upon first rejection. The goal is to maximize session
length. Myopic exploitation of previously-successful recommen-
dations quickly leads to user boredom. We introduce novel bandit
algorithms that improve recommendation variety by learning and
enforcing per-user, per-item boredom thresholds. This allows re-
peated recommendations, appropriately spaced in time, with a high
acceptance rate. Learning takes place in two stages: (i) item-specific
boredom thresholds are determined; (ii) once the thresholds are
known, preference for the item is learned via a standard bandit
algorithm. Evaluation using user data from a commercial system
demonstrates clear improvements in session length.
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1 INTRODUCTION

Recommender systems are widely used to personalize content rec-
ommendations [4, 17, 19, 24]. A fundamental challenge is to vary
recommendations (recommendation diversity) while targeting user
preferences based on past accepted recommendations [18]. Indeed,
recommender systems struggle with repetitive recommendations,
leading to declining user satisfaction and engagement. Using rein-
forcement learning (RL) in recommendation systems amplifies this
issue: standard RL-based recommenders exploit high-reward items
(successful recommendations) and fail to account for user boredom,
resulting in disengagement [1]. Addressing this limitation is cru-
cial for sustaining long-term user engagement in recommender
systems.

Many approaches to promoting diversity assume large catalogs,
where rich item metadata, item- or user- similarity, or explicit user
feedback can be brought to bear [14, 30, 31, e.g.,]. Such data enables
discovering items that have not been proposed (at all, or recently),
and match latent user preferences.

Unfortunately, in many real-world settings, repeatedly recom-
mending the same item may be required due to a limited catalog
or because they are inherent to the task of the recommendation
system.

As a motivating example, consider EIliQ [7], a commercial home
robot for promoting cognitive health of elderly users (see Section 2.1
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for details). EIliQ has about 150 interactive activities (called plans).
As a conversational recommender system [23] it uses natural lan-
guage to propose plans to engage the user, when given an opportu-
nity. Once a plan is accepted and completed, ElliQ can propose a
follow-up to prolong the session. Making a good recommendation is
critical: the user either accepts or rejects; the session terminates on
the latter. Yet, users vary not only in their preference for a plan (e.g.,
some like music, others like drawing), but also in their preferred
gap between repetitions (some prefer drawing every day; others,
twice a week). As some plans are routine by design (for health
reasons), making a good recommendation is very challenging.

We propose a novel approach to diversify recommendations in
sequential systems with inherent repetitions between sessions, by
explicitly modeling—and learning—user response as a function of
time. We accept that the user response appears non-stationary:
it is a function of spacing (time since the last recommendation
was made), or a cap on the frequency of the recommendation. We
use boredom constraints as a general term covering such functions
(see [30] for more examples). The recommendation system can use
these functions as constraints, filtering repeated recommendations
that are likely to be beyond user tolerance.

We develop multiarm-bandit recommendation algorithms that
learn, and then enforce, user- and item- specific boredom con-
straints from repeated interactions with only binary rewards: ac-
cept or reject. The algorithms work in two stages, for each user
and item. First, the boredom constraint of the item is identified
efficiently using a probabilistic binary search algorithm, that uses
confidence bounds to estimate where a boredom threshold exists,
distinguishing likely rejection (user too bored), and acceptance (at
some expected rate) due to user preferences. Once the threshold is
known with sufficient confidence, a second stage begins exploiting
the threshold, using standard multi-arm bandit to continue explo-
ration/exploitation of the true acceptance rate. This process ensures
that diversity is enforced endogenously.

We evaluate the proposed learning method using a simulator
that replicates user—system interactions based on commercial real-
world data, comprising 117 user profiles and a realistic item catalog.
This controlled setting enables comparison against classical base-
lines, such as UCB1 [3] and Thompson Sampling [26]. The results
demonstrate that the proposed two-stage learning algorithms con-
sistently outperform these baselines in terms of converged session
length. Beyond performance, the experiments provide insight into
the dynamics of boredom threshold learning, factors influencing
session length, and practical mechanisms for reducing learning
overhead.



2 MOTIVATION AND BACKGROUND

Recommender systems personalize suggestions by leveraging user
interaction histories [4, 17]. While traditional collaborative filter-
ing exploits cross-user similarities [16], Sequential Recommender
Systems (SRS) specifically model the dynamic evolution of user
preferences over time, often segmenting interactions into discrete
sessions to capture short-term intents [5, 29].

A central challenge in these interactive environments is rec-
ommendation diversity [18]. Recent work employs reinforcement
learning (RL) to capture patterns in sequential decision-making [1,
10]. However, by focusing on reward maximization, RL and MAB ap-
proaches inherently risk over-exploiting high-reward items, leading
to repetitive recommendations and reduced long-term engagement.
The challenge is amplified when some repetition is inherent to the
recommendation task, or when the item catalog is limited, or rec-
ommendations are delivered as sequences (or slates) of items within
a single session [25, 28].

In Section 2.1 we present a motivating study of a successful beta-
experiment with real users applied in a commercially deployed
robot. This system operates at the intersection of conversational
and sequential recommendation, where interactions occur in dis-
tinct sessions and the order of suggestions is critical. The necessity
of modeling boredom thresholds is demonstrated in this case study,
but extends to various small-catalog domains. For instance, a smart
wardrobe system must learn the acceptable interval before suggest-
ing the same outfit [12], a restaurant recommender must identify
the optimal period between visits [2, 9, e.g.,], etc. Section 2.2 dis-
cusses current approaches for promoting recommendation diversity,
and the open challenge we tackle in this paper.

2.1 A Conversational Recommender for a Robot

The task of the ElliQ robot [7] is to maintain user engagement
over time, promoting cognitive and physical health and decreasing
loneliness in elderly users. ElliQ has About 150 interactive activi-
ties it can recommend, varying from conversations and games to
health-related check-ins. ElliQ’s proactive session initiation, con-
textual conversation capabilities, and goal-based decisions leverage
personalized user data to initiate and maintain user engagement.
As a fallback, it employs conversational recommender capabilities
that rely on rule-based heuristics, with carefully weighted stochas-
tic decision-making, to vary the recommendation. In addition, the
company employs item-specific boredom constraints, common to
all users, that prohibit certain items from being recommended too
frequently or too soon after the last recommendation.

Together with the company, we conducted an experiment with
a group of 34 beta users, where a multi-arm bandit recommender
was utilized to improve on the heuristic recommendation, while
satisfying the boredom constraints as given. The recommender
utilized a simple variant of the UCB1, where only plans satisfying
the boredom constraints were allowed for selection.

Despite the absence of item metadata and state attributes, the
algorithm achieved clear improvements in acceptance rate over
time, from 61% after two weeks to 68.9% after eight weeks. For
comparison, the heuristic mechanism used obtained an acceptance
rate of 64.7%. These results highlight boredom as a key factor in
maintaining user acceptance within sequential interaction loops.

The boredom constraints, coupled with a classic bandit algorithm,
were sufficient to significantly improve acceptance rates (two-tailed
t-test, p & 0.003), despite the limited catalog and the repetitiveness
inherent to the task.

2.2 Boredom as a Driver of Diversity

Recommendation diversity has no one accepted definition [11].
A widely used definition of diversity is the average dissimilarity
between items in a recommendation set [6]. This assumes (i) recom-
mendations are returned as a set in each interaction, and (ii) a simi-
larity function exists to compare items through meta-information
and descriptive features [30]. Both assumptions fail in interactive
sequential and session-based systems (including ElliQ), where sug-
gestions are made sequentially and item metadata is scarce [23].

An implicit motivation for diversity is the non-stationarity of
user feedback: the same item may be accepted at one time and
rejected at another. This creates a need to vary recommendations, to
match the user’s shifting feedback [18]. Mourdo et al. [21] proposes
that finding once relevant items to the user and again suggesting
them will increase diversity without compromising accuracy. This
would have worked as dynamic boredom constraints on the item.
While discussing the oblivion problem challenge of finding such
items, they do not propose a solution.

Other studies examine the non-stationary user feedback through
the lens of modeling the user’s psychological state regarding the
item, as a function of boredom rather than a change in pure pref-
erences for the item. For example, [14] modeled the user state as
a hidden semi-Markov model with two states: sensitization and
boredom, so the recommendations are made according to the user’s
state towards each item and the duration of it. While related, we
depart from these approaches by embedding boredom directly as a
constraint that is learned (first stage), and then enforced while the
pure preferences are made more precise (second stage). This avoids
explicit modeling and estimation of the user’s boredom state.

Warlop et al. [30] address long-term engagement by modeling
rewards as a function of item recency within a MDP framework.
While this captures the temporal effect of repeated exposure, the
resulting state-based formulation requires planning over histories
whose size grows exponentially with the length of the window w
(K™). Although this approach leverages function approximation to
mitigate this issue, the underlying combinatorial structure remains
challenging, particularly as the catalog size increases. The chal-
lenge is further amplified in session-based systems, where multiple
recommendations within a single interaction effectively extend the
history horizon, making explicit state-space planning impractical.

3 DIVERSITY CONSTRAINTS

We model the sequential recommendation system as a constrained
decision problem. Its goal is to maximize the expected cumulative
reward while ensuring boredom constraints are satisfied. In this sec-
tion, we discuss the nature of these constraints. Section 4 discusses
how they are learned and enforced.

Generally, in sequential recommender systems, interactions are
divided into sessions, where a session is defined as a sequence
of recommendations that may terminate upon user rejection (in
our settings, this occurs with probability one). Recommendation
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Figure 1: Example of user behavior towards items under spac-
ing constraint. Each curve corresponds to a sigmoid with
different boredom thresholds (t) and preference values (g).

diversity can therefore manifest as intra-session diversity—variety
within a single session—and inter-session diversity, variety across
sessions. Both avoid repeated exposure to the same items over time.
to the degree possible and desired.

We address inter-session diversity, distinguishing two types of
boredom constraints: Spacing constraints require a minimum of
separation in time between recommendations of an item, regardless
of acceptance. Capping constraints restrict the number of times an
item may be recommended within a defined time interval. Requiring
that an item cannot be recommended if it appeared less than two
days ago is an example of a spacing constraint. Requiring that it
cannot be recommended more than three times in two days is a
capping constraint.

Practically, for a conversational recommender system, a common
constraint is that an item cannot be recommended twice within the
same conversation (a session). This is a capping constraint that is
so common, we assume it is enforced always to avoid irritating the
user. We instead focus on measuring time (for both constraints) in
session units.

A user’s boredom response with respect to a specific item is
modeled as a sigmoidal function parameterized by the expected
preference q for the item (relevant when the user is not bored with
it), and the boredom threshold 0 < t < w (0 allowing immediate
reselection, and w prohibiting selection no matter the time), de-
termining the spacing or capping boredom. The sigmoid function
distinguishes two regions in the user behavior, defined using the
current boredom value b, which is a function of the occurrences of
the item within the session memory window w (discussed later). In
the boredom region (b < t), the item is deterministically rejected. In
the engagement region (b > t), the item is accepted with probability
q. Both t and q are specific to each user-item pair.

Figure 1 illustrates the user response model under spacing con-
straint. Each curve represents an item characterized by distinct
boredom threshold (¢) and preference (q) parameters. The boredom
value b of each item is determined by when it was last recom-
mended. For example, curve A corresponds to an item with ¢ = 3
and g = 1. Assuming two sessions per day, this implies that the item
is deterministically accepted once at least two days have passed
since it was last recommended. In contrast, curve B, with ¢t = 2 and
q = 0.5, represents an item that is always rejected if less than a day
and a half has passed, but accepted with probability 0.5 once that
spacing threshold is exceeded.

Note that capping exhibits a sigmoidal pattern opposite in direc-
tion to spacing. To maintain consistency between boredom mea-
sures, we redefine capping by its complementary form, using b
to count the number of sessions in the window during which the
item does not appear. This aligns both spacing and capping along a
common axis of boredom reliefb as t increases, unifying algorithmic
treatment.

Although we describe the response using a sigmoid, it should be
understood as an approximation of a step function. Since boredom
values are discrete session counts, the difference between the two
formulations is negligible in practice.

This modeling is supported by beta-user experiments, where sim-
ple algorithms achieved high acceptance with boredom constraints,
as well as prior work employing hard-coded thresholds [8, 31].
Nonetheless, we believe that the framework can extend to any
monotonically increasing function capturing a boredom-engagement
transition.

4 LEARNING USER BOREDOM THRESHOLDS

The sigmoidal formulation offers a practical advantage: it decouples
learning of the boredom threshold ¢ and the preference parameter g.
Specifically, we adopt a two-stage approach, utilizing a multi-armed
bandit as its backbone. First, ¢ is estimated by identifying the point
acceptance transitions from low to high, without requiring precise
knowledge of q. Then, once ¢ is determined, it can be enforced as a
hard constraint during the learning of ¢, improving accuracy.

To do this, we maintain two lists of items between sessions, for
each user: the explore list for items whose ¢ value is not known
with sufficient confidence, and the exploit list for items whose t
values can be confidently used (and whose g values can now be
learned). All items are initially placed in the explore list. For each
item a, we maintain the number of times it has been recommended
(total[al), accepted (accepts[al), and current estimated lower- and
upper- bounds (lower[a], upper|[a]) on its boredom threshold ¢.

Algorithm 1 is called with every new session. It is given a history
of the last w sessions, which it can query to determine which items
have been recommended at any session within this window.

Algorithm 1: Single-Session(Last w sessions)

1 repeat
2 A « AvailableActions(explore_list)
3 if A not empty then

4 a « ExploreAction(A);

5 if IsCertain(a) then

6 Remove(explore_list, a) ;

7 Add(exploit_list, a)

8 else

9 A « AvailableActions(exploit_list)
10 if A not empty then

1 a « ExploitAction(A);

12 until a is rejected or no exploit action available;

First (line 2), candidate items for exploration are determined us-
ing their current boredom relief value b and the item lower bound,
ie., if b > lower[a]. Then, the t-learning (exploration) algorithm



is called in line 4 to recommend an item (Algorithm 2, see below).
The algorithm checks using the IsCertain() exploration stopping
criterion (line 5) whether ¢ is confidently known, i.e., if a target
difference between the upper and lower bounds is achieved. To pri-
oritize accuracy, the most conservative setting is a target difference
of 1 (which we used). If so, the item is transferred to the exploit list.
Rejection by the user terminates the session.

When there are no items available for exploration, selection
proceeds via a bandit algorithm to learn g values for items in the
exploit list (line 11). We use classic multi-arm bandit algorithms
(Section 5); their own exploration explores and learns the g value for
the item, while enforcing boredom thresholds as hard constraints
(line 9). If no item can be selected, the session ends (line 12).

Exploration of boredom thresholds: Learning t. This stage esti-
mates the boredom threshold ¢ for an item. Estimation follows a
binary search-inspired process (Algorithm 2) that iteratively re-
fines lower and upper bounds until a reliable boredom threshold is
obtained.

Algorithm 2: ExploreAction(List of itemsA)

a <« SelectAction(A);
Execute g, observe reward r;

-

)

b «— min(get_boredom(a), w);
// Update statistics
count(a,b) < count(a,b) + 1;

accepts(a,b) « accepts(a,b) +r;

accepts(a,b) .
rate(a,b) «— “count(ab) °

UpdateBounds(a, b);
return a
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Each item’s boredom range is initialized to [0, w], and in each
step, a scheduler selects the next recommendation based on the
current bounds (line 1). It prioritizes items due for testing. If more
than one such item is available, two tie-breaking rules are possible:
prioritize items based on information (preferring items less confi-
dently known), or based on expected satisfaction (g). As a default,
we used the information-based rule (but see Section 5.4).

Upon observing user feedback, the item’s current boredom relief
value b is retrieved (line 3) using get_boredom method, which re-
turns the current boredom relief value based on the last w sessions.
Thresholds are bounded by w; if the true boredom threshold lies
outside the window, the algorithm assumes it equals w, causing
the item to be rarely suggested. Since responses are noisy, rejec-
tions and acceptances are treated as evidence: Lines 4-6) track the
number of attempted recommendations for the item, the number
of accepted recommendations (r is 1 if the item is accepted, oth-
erwise 0), and the acceptance rate. We recall that all of these are
maintained between sessions.

Finally, the search bounds lower and upper are updated (line 7)
using a bound estimation method. We present below two alternative
methods to balance reliability and efficiency. Both methods rely on
a success rate threshold r, the minimum acceptance probability at
which an item is considered valid for recommendation at a given
boredom level

Sample-Based Exploration (Algorithm 3). This method updates
thresholds based on empirical acceptance rates. It uses sample size
threshold N that determines how many proposals of a are permitted
at each boredom level b, before a decision is made. If the number of
proposals (count[a, b]) is greater than N, the item has been exam-
ined sufficiently. When the observed rate for a given boredom level
b consistently falls below the target threshold 7, the lower bound is
increased (line 3); conversely, when it remains above 7, the upper
bound is decreased (line 5). Larger N reduces variance but slows
down exploration.

Algorithm 3: N-Sample UpdateBounds(a, b)
1 if count(a, b) > N then

2 if rate(a,b) < v and b > lower(a) then

3 lower(a) « min(b, upper(a));

4 else if rate(a,b) > 7 and b < upper(a) then
5 upper(a) < max(b, lower(a));

Chernoff-Based Exploration (Algorithm 4). This method refines
the update rule by utilizing the Chernoff-Hoeffding bound [22] to
account for statistical uncertainty. The error tolerance ¢ specifies the
maximum deviation allowed between the estimated and the true
acceptance rate. The confidence level § determines the probability
that the acceptance rate estimate lies within the error tolerance
¢. A higher § value requires stronger evidence before bounds are
updated. It is calculated as § = 2 exp(—2ne?), where n is the number
of samples.

Algorithm 4: Chernoff-Based UpdateBounds(a, b)

1 if rate(a, b) < r then

2 E < Elow
3 else
4 £ — fhigh

5 d(a,b) < Chernoff(count(a, b), )

// Update upper bound: Lines 6-8
6 S «— {b|Velo,w], Sionw<d(ab’)<Spign , rate(ab’)>7}
7 if S not empty then
8 upper(a) = maxycgd(ab’)

// Update lower bound: Lines 9-11
9 S «— {b | beloupper(a)], Sow<d(ab’)<Snign, rate(a,b’) <7}
if S not empty then

lower(a) = maxpecgd(ab’)

=
5}

o
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Here, empirical acceptance rates are evaluated against the target
7, as defined above. We used asymmetric error bounds for the bore-
dom and engagement regions (€94, €nign)- This asymmetry reflects
the narrower acceptance probability range in the boredom region
(around 0.05) compared to the engagement region (up to 0.95), al-
lowing larger estimation errors when the acceptance probability is
high.

In line 5, the confidence of the current boredom value § is calcu-
lated using Chernoff-Hoeffding bound, with the number of samples
collected so far n and the relevant error tolerance ¢, and saved in
d(a, b), which is maintained between sessions. Bounds are updated



for the most confident value in the interval [j94y, Spign] if one
exists (lines 8, 11).

5 EXPERIMENTS AND RESULTS

We evaluate the boredom-constraint learning approach via a series
of experiments examining its effectiveness and sensitivity to param-
eter choices. We describe the experimental setup (Section 5.1), and
then evaluate the boredom-learning algorithms in Section 5.2. We
report on factors influencing the exploration phase (Section 5.3),
and present approaches for reducing its length (Section 5.4).

5.1 Experimental Setup

Evaluating recommendation algorithms requires repeated experi-
mentation under controlled conditions, which are rarely feasible
with live users. As a result, user-simulation platforms have become
a standard tool for benchmarking [13, 15, 20, 32]. Our own user
simulation! was grounded with anonymized real-world data from
ElliQ’s parent company, Intuition Robotics. The data includes item
catalog, anonymized user-item preference profiles, and aggregate
item-level acceptance statistics.

The user-item preference profile of 117 users (the user-item q
values in the engagement region) were established from this data,
with respect to 42 activities (items). Separate boredom thresholds
for spacing and capping (the user-item ¢ values, determining the
separation between boredom and engagement regions) was ini-
tialized by sampling uniformly for each item and user, with an
exception: an item that was always rejected (accepted) by a user as
evident in the data, was assigned a threshold of w = 14 (0, resp.).

Overall, 117 profiles were tested, varying in their overall accep-
tance rates, per-item preferences and per-item boredom thresholds.
Each single-user experiment (with a specific algorithm) was re-
peated 50 times with 3,000 simulated sessions per run, under cold
start conditions (each run starts with no priors on learned q or t).
This is a conservative evaluation, so as to avoid biasing the results;
see Section 5.4 where we address this in more depth. Results are
reported as the mean session length over the final 500 sessions after
exploration is finished, capturing steady-state user engagement in
a sequence of recommendations. The results reported below are
averaged across all users.

Empirical Setting of Parameter Values. We conducted pilot exper-
iments to establish stable parameter values:

The success-rate threshold 7 is used in Algorithms 3 and 4 to
establish separation of the boredom and engagement regions. Items
with acceptance probability below this cutoff are considered to fall
in the boredom region. We evaluated values in the range [0.05, 0.20]
and observed negligible differences in session length, with slightly
shorter exploration for lower values. We therefore set 7 = 0.05.

For Chernoff-based confidence estimation, we tested ¢j,,, € [0.10,0.25]

for the boredom region and p;gp, € [0.30, 0.45] for the engagement
region. Across all evaluation metrics, the configuration ¢,,, =
0.25 and ¢p;gp, = 0.45 consistently performed best. Similarly, we
tested Jyo4y € [0.05,0.35] and Jpgp € [0.40,0.80]. Setting &0,y =
0.10, 8pgp = 0.60 yielded the best results.

! Available publicly, url withheld for anonymity.

For the heuristic N-samples method, we tested N € [3,10], in-
cluding both symmetric and asymmetric configurations between
boredom and engagement regions. The best performance was ob-
tained with N = 5 in both regions.

5.2 User Engagement

The bottom-line measure of performance of a recommender algo-
rithm is its impact on user engagement. In the case of a sequential
system, this is best captured by the resulting converged session
length, once learning advances beyond a base exploration phase.

There are four variant boredom-learning algorithms. They vary
in their t-learning (exploration) phase lower/upper bound update al-
gorithms (Algorithms 3 and 4), and in their user preference-learning
(t exploitation, learning g values) phase algorithms (UCB [3] and
Thompson sampling [26]). The latter induce natural baselines, uti-
lizing UCB and Thompson to be used without attempting to learn
the boredom threshold of items. So as to make the baselines perfor-
mance reasonable, all algorithms were prevented from repeating
a recommendation within a session: once a recommended item
was accepted by the user in a given session, it could no longer be
proposed within the same session.

Fig. 2 shows the resulting mean session length of boredom-aware
methods against the baselines. Each box-and-whiskers plots results
from 117 users, each tested 50 times. In all cases, boredom-aware
learning algorithms converged to higher session length. The im-
provements are quite clear: learning boredom constraints leads to
improved engagement.
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Figure 2: Mean resulting session lengths using the baseline
and boredom-aware algorithms. Each quadrant compares
the baseline against its boredom-aware variants. Top panes
(A, B) show results with spacing constraints, while bottom
panes (C, D) show the same for capping. Results are further
categorized by exploitation strategy: Thompson Sampling
(blue; A, C) and UCB1 (green; B, D).



Metric Chernoff ~ Chernoff ~ Samples Samples

Thompson UCB Thompson UCB
7.0 (0.65) 6.61(0.63) 7.08 (0.65) 6.70 (0.61)

Session Len.

q-Error 0.028 0.026 0.031 0.028
t-Error 0.35 0.35 1.0 1.01
Mean Explor. 1475 1475 1009 1009
Min Explor. 799 799 341 341
Max Explor. 2013 2011 1573 1571

(a) Capping. Baseline UCB: 4.34 (0.53), Thompson 5.22 (0.62).

Metric Chernoff ~ Chernoff ~ Samples Samples

Thompson UCB Thompson UCB
Session Len. 4.58 (0.39) 4.31(0.40) 4.58 (0.39) 4.33(0.40)

gq-Error 0.028 0.025 0.029 0.026
t-Error 0.36 0.36 0.81 0.80
Mean Explor. 677 677 562 562
Min Explor. 369 369 428 428
Max Explor. 1049 1050 688 689

(b) Spacing. Baseline UCB: 2.08 (0.3), Thompson 2.49 (0.27).

Table 1: Performance comparison of ¢t-learning (exploration)
and preference (g) learning (t-exploitation) variants under
different boredom constraints. Metrics above the horizontal
divider reflect preference (q) learning performance, while
metrics in the lower part correspond to t-learning perfor-
mance. Standard deviations are shown in parentheses.

Improvement compared to the baselines. We examine the results
in more detail. Table 1 shows mean results from the experiments
(Top: capping experiments; bottom: spacing experiments). Each
of the two sub-tables shows results in each performance metric
(leftmost column), for each of the learning algorithms (remaining
columns). Session length is defined as the number of accepted items
per session. g-error and t-error are measured as absolute error.
Exploration is measured by the number of sessions. Baseline results
are shown in the captions.

The table show dramatic improvements in the principal perfor-
mance measure (session length, first row in each sub-table). Table 1b
shows the UCB-based variants more than double the mean session
length in the sampling experiments (4.31 for Chernoff UCB, 4.33
for Samples UCB, both up from 2.08 for the UCB baseline). The
Thompson variants are at 4.54, up from 2.49. Table 1a shows clear
improvements as well, by approximately two items per session on
average (slightly more than two in the UCB variants; slightly less
in the Thompson variants). The standard deviations have increased
somewhat, more so for the UCB variants then for the Thompson
variants.

Comparing the best-performing baseline against the worst-performing

boredom learning method, demonstrates the significance of the im-
provements. A paired t-test (two-tailed) yields p < 0.00001 for both
capping and spacing.

Comparison of preference (q) learning Algorithms. We focus next
on the impact of the preference-learning algorithms (the ¢-exploitation
phase), comparing UCB and Thompson sampling, regardless of the

t-learning (exploration) mechanism (Chernoff or Samples). The rel-
evant results are in columns 3, 5 (from the left) for UCB variants,
and in columns 2, 4 for Thompson variants.

The results reveal that in both sets of experiments, the session
lengths are higher when using the Thompson variants (e.g., 4.58
using Thompson, compared to 4.31/4.33 using UCB, in Table 1b).
Examining the mean error in predicting g value of items (user
preference), the trend is reversed: UCB results in slightly higher for
Thompson-based variants, indicating marginally lower accuracy
relative to UCB. However, the errors themselves are negligible in
comparison to the improvements in the session length.

Associated error in predicting ¢, as well as other metrics that
appear below the horizontal divider in the tables are not affected
by the algorithm choice for the preference (q) learning phase.

5.3 Duration of Exploration Until ¢ is Known

We now turn to examine factors influencing the duration of the
t-learning (exploration) phase.

Spacing vs. Capping Boredom Constraints. The visual presenta-
tion of the results in Fig. 2 shows a qualitative difference in the
session lengths in capping vs. spacing experiments, achieved under
the various conditions. To examine these more closely, we look at
the bottom set of metrics in Tables 1a and 1b. The row marked ¢ Er-
ror measures the mean error in predicting the correct ¢ threshold of
the different items. The mean, minimum and maximum exploration
lengths (across all users and items) are shown next.

In both sets of experiments, the algorithms successfully learned
the underlying boredom thresholds and converged to stable ses-
sion lengths. Nevertheless, learning under capping appears more
challenging. Exploration phases are nearly twice as long as under
spacing (e.g., 1475 vs. 677 steps with Chernoff-UCB (Tables 1a
and 1b).

These performance differences result from the interpretation of
the threshold ¢ in the different boredom constraint settings. For
example, with ¢ = 7 in a 14-session window, spacing permits at most
two acceptances, whereas capping permits up to seven. The same
threshold is therefore more restrictive in spacing, which naturally
leads to shorter sessions (just over 4) compared to capping (around
7).

Impact of Exploration Method. We compare the two ¢-learning ex-
ploration strategies used to estimate boredom thresholds, given in
Algorithm 3 (heuristic Samples) and Algorithm 4 (Chernoff bounds).
As shown in Tables 1a and 1b, the sample-based approach consis-
tently resulted in shorter exploration length (e.g., 1009 vs. 1475 for
capping, and 562 vs. 677 for spacing). These advantages of the Sam-
ples method were present across the entire set of items, as evident
from the crisp advantage also in the minimum (easiest ¢ threshold
to learn) and maximum (hardest ¢ to learn) exploration lengths.

The t errors were clearly higher for the Samples method. How-
ever, given that the g-error values were fairly similar, and that
high session lengths could be achieved using the Samples method
(with Thompson used once ¢ is known), the ¢t errors have had no
impact in practice. Indeed, the observed differences in the session
lengths achieved by Chernoff-UCB vs. Samples-UCB, and Chernoft-
Thompson vs. Samples-Thompson were statistically negligible.



Overall, the efficiency of the sample-based t-learning method
of Algorithm 3—requiring fewer exploration steps—coupled with
the performance of the Thompson learning algorithm during the -
exploitation (user preference) learning stage makes Samples-Thompson
the best choice.

5.4 Reducing the Exploration Length

We remind the reader that the results above were generated under
cold start conditions, where no prior information is used to speed up
the t-learning phase. Nevertheless, even using Samples-Thompson
combination, the exploration length remains a concern for practical
use. We evaluate several approaches to reducing the exploration
length.

Max-q Tie-Breaking (MTB). One way to quicken the t exploration
stage is by changing the tie-breaking rule used by the action selec-
tion scheduler in Algorithm 2, line 1. As described above, in the case
of ties, the scheduler greedily prefers recommendations that are
more informative: they have been tried less times. Instead, one may
wish to select actions that have the highest current g-estimation,
allowing high-potential items to begin exploitation sooner (“sched-
uling by ¢"). This is a general method that requires no user- or item-
specific information

Prior-Knowledge Boosting (PKB). A different method relies on
prior (approximate) knowledge of the ¢ value for the given user,
setting informative lower and upper bounds on ¢. This requires an
external source of information, such as by collaborative filtering
techniques.

To evaluate the potential of these learning acceleration methods,
we conducted an experiment using a single representative user
profile (to allow use of PKB, which is user-specific). The results are
shown in Table 2. The column marked Basic shows results from
Samples-Thompson, using the existing methods described above.
The column titled PKB shows the results when using the same tie-
breaking rule as above, but where the lower- and upper- bounds of
each item were initialized to be within 8 sessions of each other, with
the ground-truth ¢ in the middle. The column titled MTB shows the
results without PKB, but where the tie-breaking rule was changed
to scheduling by g. The last column (Combined) shows the result
when both PKB and MTB are used together.

Metric Basic PKB MTB Combined
Session Len. 8.23 8.23 8.22 8.21
(0.34)  (0.35)  (0.33) (0.35)
q-Error 0.052 0.016 0.019 0.016
t-Error 0.53 0.328 0.589 0.298
Mean Explor. 519 379 416 299
Min Explor. 422 262 237 129
Max Explor. 631 502 662 448

Table 2: Exploration optimization methods: Prior-Knowledge
Boosting, Max-q Tie-Breaking, and both methods combined.

The results demonstrate not only the efficacy of each method
by itself, but also in combination. The PKB method reduces mean
exploration from 519 to 379 sessions without compromising session
length (8.23) or accuracy (in ¢ and g error measures). MTB reduces

mean exploration to 416 by prioritizing high-value items for earlier
exploitation, thereby sustaining a higher average session length
during the learning period. The two methods are evidently comple-
mentary. The Combined configuration yields results better than its
component methods’, reducing mean exploration to 299 sessions
while achieving almost identical mean session length (see also min.
and max. exploration lengths).

5.5 Scalability to Larger Catalogs

To evaluate how well the approach generalizes to broader rec-
ommendation settings, we expanded the action space from 42 to
149 items. We tested the proposed Samples-Thompson algorithm
against Thompson Sampling baseline, under both spacing and cap-
ping boredom constraint.

Table 3 shows the results. Contrasting the session lengths for

both capping and spacing constraints show that the Samples-Thompson

algorithm offers clear improvements over the baseline, when the
catalog is increased in size. The session length doubles for spacing
constraints, and nearly doubles (factor of 1.8) for capping con-
straints. This comes at a cost of longer t-exploration period (see
previous section with respect to methods for countering this cost).

Method Capping Spacing
Samples-Thompson  25.07 (1.49) 14.49 (0.77)
Thompson (baseline) 14.37 (1.45)  7.33(0.59)

Table 3: Performance of boredom-aware exploration methods
compared to standard Thompson sampling baseline, with 149
items catalog. Standard deviations are shown in parentheses.

5.6 Evaluation with Real Production
Constraints

We next evaluate the proposed approach under realistic production
conditions. Specifically, we incorporate the actual spacing con-
straints currently deployed in the ElliQ system, and apply them
within the simulator using the full 149-item catalog. The constraints
are modeled with a two-day boredom window (24 sessions), closely
reflecting the operational environment. This experiment is con-
ducted on a single representative user to enable controlled analysis.

We compare the Samples—Thompson variant against a standard
Thompson Sampling baseline. The results show that the boredom-
aware algorithm maintains a clear advantage even under these
realistic constraints, achieving a higher session length of 12.97
compared to 9.62 for the baseline - an improvement of 34.8%. The
boredom-aware method also achieved a lower g-error value - 0.025
compared to 0.149 for the baseline.

Importantly, this experiment reinforces—and further strength-
ens—the conclusion from the large catalog setting: explicitly mod-
eling boredom remains beneficial even when constraints are no
longer synthetic but derived from real system behavior. Despite
the increased complexity and rigidity of production constraints,
the algorithm successfully adapts and continues to improve user
engagement.



6 DISCUSSION AND CONCLUSION

Sequential recommendation in sessions, with a fixed (small) catalog,
is an important challenge: user engagement is only as good as the
last recommendation, and repetition is both inherent and unwanted.
We presented a two-stage approach for learning user boredom con-
straints while enforcing them within the recommendation process.
The results clearly demonstrate the benefit of the proposed learning
approach: inherent repetition is managed, so that user boredom
is minimized. Results from extensive experiments with real-world
user data show dramatic improvements in session length, and a
number of techniques are explored for improving on these results
(e.g., reducing the number of learning steps).

A number of challenges are raised, which we intend to pursue in
future work. First, incorporating state-based dynamics while pre-
serving boredom-aware filtering may reveal (and allow utilization
of) additional factors impacting user preferences, such as boredom
evolution within a session, depending on its internal sequence.
A Constrained Markov Decision Process (CMDP) [27] may be an
appropriate basis for this investigation. Second, an alternative direc-
tion is to learn both t and q jointly, for example through selective
updates in which different interaction outcomes trigger updates
either to the preference model or to the constraint model. Such a
formulation may improve sample efficiency and better capture the
interaction between user preferences and boredom effects.
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