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Recommender Systems (RecSys) have become indispensable in numerous applications, profoundly
influencing our everyday experiences. Despite their practical significance, academic research in
RecSys often abstracts the formulation of research tasks from real-world contexts, aiming for a
clean problem formulation and more generalizable findings. However, it is observed that there is
a lack of collective understanding in RecSys academic research. The root of this issue may lie
in the simplification of research task definitions, and an overemphasis on modeling the decision
outcomes rather than the decision-making process. That is, we often conceptualize RecSys as the
task of predicting missing values in a static user-item interaction matrix, rather than predicting
a user’s decision on the next interaction within a dynamic, changing, and application-specific
context. There exists a mismatch between the inputs accessible to a model and the information
available to users during their decision-making process, yet the model is tasked to predict users’
decisions. While collaborative filtering is effective in learning general preferences from historical
records, it is crucial to also consider the dynamic contextual factors in practical settings. Defining
research tasks based on application scenarios using domain-specific datasets may lead to more
insightful findings. Accordingly, viable solutions and effective evaluations can emerge for different
application scenarios.

1. INTRODUCTION

Recommender System is an attractive research area, evidenced by the increasing number
of publications in the past two decades. Based on a prefix search of “recommend”, about
5000 publications on RecSys were indexed on DBLP within the year 2023 alone.! As a
reference, only 118 papers, or slightly above 100, were indexed in the year 2002. Given the
large and increasing number of publications recently, one might expect the research com-
munity to have established a collective understanding of baseline models and evaluation
protocols. However, such assumptions may not align with reality.

Before we discuss the research task formulation, we brief the concerns with baseline mod-
els and evaluation protocols. In [Ivanova et al. 2023], the authors state that “there are no
rigid guidelines that define a comprehensive list of essential baselines”. The authors then
created a dataset which “contains information on 363 baselines used in 903 articles pub-

IThttps://dblp.org/search/publ?g=recommend The query will match publications with titles con-
taining words starting with ‘recommend’, such as ‘recommender’ ‘recommending’ and ‘recommendation’. The
query returns 4943 publications for the year 2023, and 4460 for 2022. Note that not all publication titles con-
taining these words belong to RecSys, and not all RecSys papers necessarily include these words in their titles.
Nevertheless, based on sampled checking of paper titles in the search results, this prefix search serves as a useful
estimation of the number of publications.
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lished between 2010 and 2022”. While most popular baselines can be derived from these
papers, it is common to receive review comments on the lack of baselines for RecSys paper
submissions. That is, the authors and the reviewers do not share a common understanding
of a list of must-have baselines. Even if there were a shared understanding of most per-
forming baselines, there are concerns with the quality of third-party implementation [Hi-
dasi and Czapp 2023] and hyperparameter tuning [Shehzad and Jannach 2023]. Thus, re-
producibility becomes a concern, and ACM RecSys conference has a recommended list of
implementation and evaluation frameworks.? Interestingly, a few large-scale benchmark
evaluations show that simple baselines like nearest-neighbor outperform more advanced
models (see Table 3 and Section 3.2 in [Bauer et al. 2024] for a summary and insightful
discussion). Probably the most comprehensive evaluation, [McElfresh et al. 2022] com-
pares ‘24 algorithms and 100 sets of hyperparameters across 85 datasets and 315 metrics”.
All models in the comparison can be the best on some dataset with some metric. Au-
thors note that “the algorithms do not generalize — the set of algorithms which perform
well changes substantially across datasets and across performance metrics”. Nevertheless,
the simple Item-KNN is among best performing models, with the highest average ranking
position of 2.3 among 20 models (see Table 1 in [McElfresh et al. 2022]).

In my understanding, various datasets used in RecSys research reflect diverse application
scenarios, each necessitating its own set of most effective solutions. However, the simpli-
fied task definition abstracts away differences in their practical settings, resulting in model
comparability on their prediction accuracies across all datasets. Finding a single model ca-
pable of excelling in all application scenarios is challenging. Yet, different forms of nearest
neighbors appear to be a common theme in RecSys, to be elaborated further in Section 3.

If we rely on the results from these large-scale benchmark evaluations, it seems that no
much progress has been made in RecSys, which was a question asked in [Dacrema et al.
2019; Ferrari Dacrema et al. 2021]. On the other hand, the results of evaluation also heav-
ily depend on the evaluation protocol, in particular, the datasets and the train/test split of
a dataset. A very recent survey [Bauer et al. 2024] shows that “the same few (and rela-
tively old) datasets (i.e., MovieLens, Amazon review dataset) are used extensively”, and
the heavy usage of the MovieLens dataset has also been noted in [Sun et al. 2023]. Bauer
et al. further comment that “older datasets may not be good proxies of the user behavior
and preferences of today’s users”. In particular, movies rated by a user on MovieLens are
those he/she has watched before, hence the dataset cannot simulate the situation of recom-
mending new movies to users [Fan et al. 2024]. Further, the majority of RecSys evaluations
do not take global timeline into consideration when splitting a dataset into train and test
sets [Sun 2023; Ji et al. 2023]. As a result, the model under offline evaluation is given
access to data records that happen in the future (e.g., new items, new users, and also user-
item interactions) with respect to the time point of the test instance.® This unrealistic offline
evaluation setting may also stem from the simplified formulation of the RecSys task, which
overlooks the global timeline.

?https://github.com/ACMRecSys/recsys-evaluation-frameworks
3More research is needed to verify whether such data leakage leads to a significant impact on model perfor-
mances.



2. THE ESTABLISHED RECSYS TASK FORMULATION

In Chapter 1 of the Recommender Systems Handbook, the core recommendation computa-
tion is defined as the prediction of the utility (or evaluation) of an item for a user [Ricci et al.
2022]. The degree of utility/evaluation of user u for item 7 is modeled as a (real-valued)
function R(u,4). Then, “the fundamental task of a recommender system is to predict the
value of R(u, i) over pairs of users and items”.

We also reference two very recent survey papers at the time of writing. In the survey on
modern recommender systems using generative models, [Deldjoo et al. 2024] consider “a
setup where only the user-item interactions (e.g., ‘user A clicks item B’) are available,
which is the most general setup studied in RecSys”. In the survey on self-supervised
learning for recommendation, [Ren et al. 2024] formally define the RecSys task with two
primary sets: the set of users U and the set of items /. Then, an interaction matrix U x I
is utilized to represent the recorded interactions between users and items, where a value 1
entry means a user has interacted with an item, and O otherwise. The definition in [Ren
et al. 2024] also includes a notion of auxiliary observed data denoted as X; an example is
“a knowledge graph comprising external item attributes”. Then a recommendation model
aims to estimate the likelihood of a user interacting with an item based on the interaction
matrix, and the auxiliary observed data if available.

The task definitions reviewed above seem to be a common understanding in the Rec-
Sys research community. But a few papers mention the issue of simplification or over-
simplification in RecSys research. In Section 7 of the review paper on popularity bias,
[Klimashevskaia et al. 2023] summarize a few observations, including “no agreed-upon
definition of what represents popularity bias” in RecSys. The authors further state that
“these observations point to a certain over-simplification of the problem and an overly ab-
stract research operationalization, a phenomenon which can also be observed in today’s
research on fairness in recommender systems”. In the perspective paper on offline evalua-
tions, [Castells and Moffat 2022] consider the adoption of offline evaluation methodologies
from experimental practice in Machine Learning and Information Retrieval to RecSys eval-
uation is a form of simplification. Over-simplification may commonly exists in research
task formulation in RecSys [Sun 2023]. Next, we zoom into the task formulation from
three perspectives: user, model, and item.

3. USER, MODEL, AND ITEM

The current RecSys task definition mainly involves users, items, and their interactions, in
a static view. The task of RecSys is viewed as a task of predicting missing values in an
incomplete user-item interaction matrix. Then user-item interaction matrix becomes the
key focus of RecSys research. However, if we examine any specific user-item interaction,
it occurs at a particular time point and is the outcome of the user’s decision-making. The
decision-making can be influenced by various contextual factors.

We use Figure 1 to illustrate interactions between a user and a collection of items, through
arecommender i.e., a model. We assume that the user is familiar with the recommendation
service, and the service provider has the user’s past interactions. We also assume that the
model is well-trained and its parameters are fixed; its output depends solely on its input.
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Fig. 1. Illustration of two rounds of recommendations made to a user: (i) user triggers a recommender with
her past interaction history I,, and receives the first set of recommendations R1; and (ii) the user interacts with
item 2 after a decision-making process d1, and receives the second set of recommendations R2. The user then
interacts with i4 after another decision-making da. Accordingly, the item collection is updated with the two new
interactions. Note that, R and R are made with different inputs to the model. Best viewed in color.

At time point tg, user u begins interacting with the recommendation service by opening
a mobile app or a website, such as YouTube for video viewing or Amazon for products.
Based on the set of items that u has interacted with before ¢, denoted by I,,, the model
makes recommendations R; = {i1, 2, i3} from a pool of candidate items. Upon receiving
the recommendations R; at time 1, u considers these three items and chooses to interact
with i5. Accordingly, right after time ¢;, the interaction records available to the model
would be I,, U{i>}. With the current input of I,, U {i5}, the model makes the next round of
recommendation Ry = {i4, 5,46} at time ¢2. Upon further consideration, the user selects
14 for interaction. Consequently, for the subsequent round of recommendations, the model
assimilates additional knowledge from I, U {i2,i4} to make more accurate predictions
regarding the user’s current interests within the current interaction session.

Here, we assume that the two recommendations, R; and Re, occur consecutively within a
single session of interactions. It is important to note that in this illustration, we distinguish
between the two newly available interactions {i2,44} and the past historical interactions
I,,. This distinction is made because interactions to {is, 74} just occurred, while I,, may
have occurred much earlier, with respect to the current session.

From the user’s perspective, at time ¢y, upon opening the recommendation service, the user
expects the recommender to accurately predict her latent needs on information, services, or
products. Upon receiving recommendations R at ¢1, the decision to interact with 5 is the
outcome of a decision process, represented by d; in the figure. This decision process may
consider various factors, such as attributes of the recommended items, the user’s current
location, time of day, ongoing activities, and even the user’s mood. For example, users
may choose to watch different types of videos on YouTube depending on whether they are



feeling happy or sad. The interaction with ¢4 is the outcome of another decision process.

From the model’s perspective, the two sets of recommendations are generated by using
different user-side inputs: I, for Ry, and I,, U {is} for Ro, respectively. If a subsequent
recommendation is to be made, the user-side input will be I,, U {i2,i4}. Moreover, the
user’s decisions to interact with 42 from R; and 74 from Ry may strongly suggest that the
user, at the current moment, is interested in items similar to or related to i and 44, yet
confined by the overall preference demonstrated through 7,,. Taking videos as example
items, similar videos to i and 74 include videos in the same genre, uploaded by the same
content creator, or featuring the same actors, and yet not too distinct from those viewed in
the past. The relationships between items may also be established through various means,
e.g., by content similarity, by collaborative filtering, or other forms of knowledge. In many
cases, I,, serves as a valuable resource for understanding a user’s general and enduring
preferences, gleaned from past interactions. In the ongoing interaction session, the iden-
tification of {is, 44} reveals the user’s current interests, prompting recommendations of
similar or related items. This could explain why item-KNN continues to perform well in
many evaluations.

From the item’s perspective, as depicted in the upper portion of Figure 1, after the two in-
teractions from user u, both i» and i, each receive an additional interaction.* If we consider
the number of interactions an item receives as its popularity attribute, then the attributes of
both items change. Given that a typical recommender system serves a substantial number
of users concurrently, such attribute changes can significantly impact a large number of
items within a short period. In extreme cases, a popular video can attract thousands or
even millions of views within a day or two.

In short, from three perspectives of user, model, and item, a recommender system should
be viewed in a dyramic setting, instead of a prediction of missing values in a static user-
item interaction matrix. However, the dynamic nature of RecSys is largely overlooked in
academic research, as the time dimension is often omitted from RecSys task definitions.
The ignorance of the global timeline in the task formulation is also the root of data leakage
in offline evaluation. More importantly, current task definitions do not sufficiently focus
on the decision-making process [Kleinberg et al. 2022; Jameson et al. 2022].

4. RECOMMENDERS ARE TASK-SPECIFIC

The recommendations generated by a model are influenced by the information it gathers
from its inputs. These inputs vary significantly depending on the application scenario. Let
us consider food recommendation as an example application. When users open a food
delivery app, they place their orders and await the arrival of their chosen dishes. Effective
recommendations streamline the ordering process, potentially reducing browsing time and
allowing users to receive their food earlier.’

Following the current practice, a typical task formulation is: Given a set of users U, a set

4While user-item interactions may be recorded separately in a system, some aggregate attributes, such as the
number of views, likes, and orders/sales from all users, are updated in real time.

50ur focus here is on food recommendation within the food delivery app. We do not consider the problem of
selecting the best route for delivery.
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of food items I, and a user-item interaction matrix U X I storing the past orders of all
users, the task is to predict the likelihood of users place orders on the food items. Again,
this is an oversimplified problem definition. Taking the application scenario into account,
it is crucial to recognize the diverse food preferences people have for breakfast, lunch,
and dinner. Therefore, considering the time of day in food recommendations becomes
essential. Additionally, since the order is for delivery, the anticipated delivery time sig-
nificantly impacts user experience. There is a notable correlation between delivery time
and the distance between the user and the food store fulfilling the order. The ordering time
and delivery address are both available to the app and the recommendation model. As a
piece of domain-specific knowledge, there is a strong presence of repeat patterns in food
consumption i.e., users often repeatedly place orders from the same store [Li et al. 2024].

The task formulation shall then be revised. We have a set of users U, a collection of food
items I, and a collection of past transactions as user-item interactions U x I with auxiliary
detailed information such as order timestamps and delivery details. When user u triggers
a food delivery recommendation request at time ¢, the application is tasked to provide
recommendations by considering the temporal context, the delivery address, all previous
orders (U x I), and the user’s purchase history (I,).

Note that I,, is part of U x I, yet it is necessary to separately consider I,, due to the
recurrent pattern; users frequently reorder food they have previously tried. The primary
distinction lies in the item search space: for repeat orders, we recommend items from
within [,,, whereas, for first-time or exploration orders, the search space is I — I,,; and
|I — I,,| > |I,] in terms of cardinality. Due to the significant difference in the search
space, separate recommendation models can be designed for repeat and exploration orders
respectively [Li et al. 2024].

In this case study, the task formulation has evolved beyond simply predicting missing val-
ues in a basic and static user-item interaction matrix, now incorporating additional spatial
and temporal dimensions. The strong presence of domain-specific knowledge on repeated
consumption significantly influences the design of recommendation models, as this knowl-
edge directly affects the item search space. Such additional information in the input may
or may not affect the recommendation modeling, but these factors may heavily affect the
user’s decision-making from the user’s perspective. Similar recommendation scenarios in-
clude hotel recommendations and restaurant recommendations. In both cases, recommen-
dations are more meaningful when a user plans to visit an unfamiliar place. The destination
to be visited should be considered as a known input to the recommendation model, e.g.,
booking a hotel for a conference two months later in a different city. Similarly, if a user ex-
plicitly expects songs from a specific singer or movies featuring a particular actor/actress or
genre, these preferences become part of the input. It is important to note that while related,
these additional inputs differ from the side information widely studied in recommendation
systems [Sun et al. 2019]. Side information, such as knowledge graphs about items, may
only be available to the RecSys model and remain transparent to users. Furthermore, the
exploration of side information has primarily focused on enhancing model accuracy or ad-
dressing issues like cold start or cross-domain settings, which users are typically unaware
of, and are not factors in users’ decision-making.

Based on the above discussion, we may consider a recommender taking the following
inputs: (X, u, I,,, I.,I,U x I). Among them, X represents task-specific contextual inputs



such as time and location. Note that, the X here refers to those contextual factors that are
available to and/or accessible by the users or even the explicit input from users e.g., movie
genre. These factors are part of the user’s decision-making consideration and are not the
kind of auxiliary knowledge only known to the model. Among the remaining inputs, «
denotes the user who initiates the recommendation service, I,, consists of the user’s past
interacted items, and I, comprises the newly interacted items in the current session (e.g.,
{42,144} in Figure 1). I.. is empty at the start of the current session, and changes along with
the increasing availability of new interactions. I refers to all candidate items available
for recommendation. With the increasing available interactions, some of the interaction-
related attributes of items in I are dynamically updated e.g., the number of interactions an
item receives. U x I represents historical user-item interactions before the current session.®
The task of a recommender is to generate recommendations for user u under the current
decision-making context. For comparison, the inputs considered in common RecSys task
formulations are (u, I, U x I).

5. THE MISMATCHING DATASETS

We have outlined the inputs that a recommender system should consider, primarily to high-
light the dynamic nature of RecSys by emphasizing the context of decision-making. Note
that, the consideration of both user’s general preferences and the current contexts is not
new at all. [Cheng et al. 2016] consider not only user (static) features like country, lan-
guage, and age, but also contextual features like device, hour of the day, day of the week for
app recommendation. [Zhou et al. 2018] also consider context features for click-through
rate prediction. A “User Instant Interest” modeling layer is part of the solution proposed
in [Xiao et al. 2024] to model the user’s current interest following the user’s behavior i.e.,
clicking an item that is referred to as a trigger item. The assumption is that “the clicked
trigger item explicitly represents the user’s instant interests”. [Sar Shalom et al. 2016]
define the list recommendation problem: Given a specific user w at time ¢, the goal is to
produce an ordered personalized list of K that maximizes the probability that u will click
on an item from the list. Here, the current time ¢ is part of the problem definition. The
proposed solution also considers contextual features like the number of times an item has
been presented to a user and the time of day. Without surprise, all aforementioned papers
are from industry.

Eventually, in a practical setting, the recommendation is a ranking problem with at least
two forms of latent needs of information/service/product, learned from (i) the relatively
static user/item features and historical interactions, and (ii) the current and dynamic in-
teraction process, respectively. The learned preferences then serve as implicit queries for
item ranking or re-ranking [Liu et al. 2022].

However, in academic research, accessing an online recommendation platform is not fea-
sible in most cases. The comprehension of the current context relies on two factors. The
first factor is the information available in an offline dataset. The widely used datasets like
MovieLens and Amazon reviews only record the outcomes of the decision-making process,
but not the context of decision-making e.g., under what consideration and/or among which

6Strictly speaking, U x I is also updated along with new interactions in the current session. Typically the number
of newly available interactions within a short time is very small compared to all historical interactions.
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Fig. 2. An illustration of train/test instances using leave-one-out data split with interactions by three example
users. All interactions are arranged in chronological order following the global timeline. The last interaction of
each user is the test instance, represented by a squared octagonal star. Circles are training interactions. The lower
half of the figure shows the train/test instances in a typical offline evaluation. The upper half of the figure shows
an ideal simulation of a model trained/updated at time ¢,,, for predicting w1 ’s test instance. Best viewed in color.

options, a user decides to watch a movie or buy a product. The second factor is the way a
dataset is used, e.g., whether the user-item interactions are arranged in chronological order
following the global timeline, and how a model is trained and evaluated on the dataset.

We further elaborate on the second factor through Figure 2. The figure shows an illustra-
tion of train/test instances using leave-one-out data split with interactions by three example
users. Here, all interactions are arranged in chronological order following the global time-
line. The last interaction of each user is the test instance, represented by a squared octago-
nal star, and the circles represent training instances. Following a typical offline evaluation,
illustrated in the lower half of the figure, a model is trained by using all training instances,
and then evaluated on all test instances. Take user u; as an example. Many training in-
teractions in the dataset occurred after u¢’s test instance i.e., time t;;. Then the model
predicts wuy’s test instance, with future training data that occurred after ¢,;. This is a data
leakage issue discussed and evaluated in our earlier work [Ji et al. 2023; Sun 2023].

The upper half of the figure illustrates an ideal online simulation using the same offline
dataset. In this simulation, the model is trained/retrained periodically or is a retrieval
model. We assume that the model is lastly updated at time ¢,,, which learns from all
the interactions U x I that occurred before ¢,,,. We also assume that the test instance of u;
occurred right after the two preceding interactions, which form the I. of u;. Then predict-
ing u1’s test instance is through a model trained at ¢,,,, and ¢,,, < t,,. The model utilizes
u1’s historical interactions I,, and her current session /. to make the prediction, by utiliz-
ing the candidate items accessible at time ¢,;. The color gradient shows the dynamics of
the items e.g., some items are trending at time ¢,;. The dotted box to the right represents
the items that are available in the offline dataset but not accessible to the model at time ¢,,1.
However, it is computationally expensive to strictly follow this online simulation to have
a model retrained at every time point of every test instance. A periodical model retraining
with the timeline evaluation scheme could be a possible solution [Ji et al. 2023; Sun 2023].
Certainly, more research is required to discover the most effective evaluation schemes that



best simulate the online setting for RecSys using offline datasets.

In our earlier work [Yu and Sun 2023], we argue that it is not merely the problem defini-
tion in its formal form, but the dataset and training, define the task that a model aims to
solve. Put simply, the way a dataset is used defines what information is made available
to a model under training. To my understanding, with the common practice in RecSys
academic research, a model’s prediction relies on the general preferences it has learned
from a user, while the user’s decision-making process takes into account both her general
preferences and her current interests during the current interaction session. Yet, the impact
of contextual factors varies across recommendation scenarios. Without providing the rele-
vant contextual information, the model learned from these datasets will face a completely
different setting when deployed online. Due to the inadequacy of many existing datasets
to capture the essential input for users’ decision-making processes, the application of col-
laborative filtering in predicting users’ general and enduring preferences appears to be the
main focus of academic research. This could be a possible reason for the significant di-
verge between RecSys in academic research and RecSys in industry. On the positive side,
there is a promising trend in the availability of RecSys datasets containing more informa-
tion e.g., impressions, than simply user-item interactions [Wu et al. 2020; Perez Maurera
et al. 2022].

6. CONCLUSION

This paper revisits RecSys task formulation from a user perspective, highlighting two main
messages. Firstly, RecSys tasks are inherently application-specific, as factors influenc-
ing user decision-making vary across different scenarios. Thus, it is imperative to study
application-specific recommendation tasks rather than treating all recommendation tasks
in a simplified form. Secondly, recommender systems are dynamic. While collabora-
tive filtering effectively learns general user preferences, it fails to capture dynamics in the
decision-making process. Therefore, a balanced approach considering both aspects leads
us to conceptualize RecSys as a ranking problem. With a clearer understanding of the
RecSys problem, it is hopeful that more datasets containing necessary details will become
available for various recommendation scenarios. Furthermore, a more refined task formu-
lation will directly impact the design of effective evaluations.

Again, all points discussed in this opinion paper are not new. These points should have
already been well considered in practical RecSys applications for long, and some points
extensively discussed in earlier literature [Castells and Moffat 2022]. However, due to the
relatively large number of publications from academia, researchers who are new to Rec-
Sys may not have well considered these contexts and simply follow the common practice.
As a research field closely tied to real-world applications, it is imperative for us to clearly
define research tasks tailored to specific recommendation scenarios, rather than relying on
a generic and oversimplified setting. This is particularly important when considering new
RecSys settings like conversational recommendation, and sequential recommendation, as
well as when we bring in new technologies to RecSys like large language models. Formu-
lating tasks specific to scenarios would also significantly aid in selecting compatible base-
lines and establishing evaluation protocols that best simulate practical conditions. Lastly,
the definition of scenario-specific tasks heavily depends on the availability of high-quality
datasets from real-world platforms.
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