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ABSTRACT
In recent years, neural models have been repeatedly touted to ex-
hibit state-of-the-art performance in recommendation. Neverthe-
less, multiple recent studies have revealed that the reported state-
of-the-art results of many neural recommendation models cannot
be reliably replicated. A primary reason is that existing evaluations
are performed under various inconsistent protocols. Correspond-
ingly, these replicability issues make it di�cult to understand how
much bene�t we can actually gain from these neural models. It
then becomes clear that a fair and comprehensive performance
comparison between traditional and neural models is needed.

Motivated by these issues, we perform a large-scale, systematic
study to compare recent neural recommendation models against
traditional ones in top-= recommendation from implicit data. We
propose a set of evaluation strategies for measuring memorization
performance, generalization performance, and subgroup-speci�c
performance of recommendation models. We conduct extensive
experiments with 13 popular recommendation models (including
two neural models and 11 traditional ones as baselines) on nine
commonly used datasets. Our experiments demonstrate that even
with extensive hyper-parameter searches, neural models do not
dominate traditional models in all aspects, e.g., they fare worse
in terms of average HitRate. We further �nd that there are areas
where neural models seem to outperform non-neural models, for
example, in recommendation diversity and robustness between
di�erent subgroups of users and items. Our work illuminates the
relative advantages and disadvantages of neural models in recom-
mendation and is therefore an important step towards building
better recommender systems.
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1 INTRODUCTION
Recent years have witnessed a surge of research interest in deep
learning-based approaches for recommendation, including point-of-
interest (POI) recommendation [39, 81, 91], e-commerce recommen-
dation [15, 77, 86], and news recommendation [23, 85, 96], to name
a few. Deep learning-based approaches parameterize user prefer-
ences through a series of neural network layers and then optimize
ranking performance over an inventory of items [41, 42, 60, 94].
With their large modeling capacity, neural models can, in theory,
capture more complex and non-linear relationships from implicit
user feedback. This, in turn, should increase the chances of �nding
a highly accurate recommendation model.

Despite the undisputed success of neural models in many other
areas, several studies have pointed out that the reported perfor-
mance improvements of many neural recommendation models are
di�cult to reproduce [32, 33, 62]. For example, several recent neu-
ral recommendation models are found to be outperformed by very
simple recommendation models, such as linear models [33, 61] and
those based on nearest neighbors [61]. A primary reason for such
replicability issues is that the reported performance advantages are
concluded under many di�erent experimental settings [19, 74, 94,
95], such as dataset splitting ratios, evaluation protocols, metrics,
recommendation tasks, etc. This leaves us the important question
of how much and what kind of bene�ts neural models can add to
recommendation, which is a critical question for practitioners and
system designers [22]. To answer this question, we need to have
a more accurate understanding of when (i.e., under what scenar-
ios) and how neural recommendation models and non-neural ones
perform di�erently.

In this paper, we focus on exploring the performance di�erences
between neural recommendation models and non-neural models in
the context of top-= item recommendation as one of the most com-
mon recommendation tasks [25]. While there has been prior work
on benchmarking top-= recommender systems [2, 20, 76], many of
these e�orts either did not include neural models or still left impor-
tant questions unanswered. For example, recent work analyzing
both neural and non-neural models [82, 83] still lacks a thorough
analysis of the performance di�erence between these two model
classes and thus does not answer what bene�ts neural models may
have over traditional ones. Another line of work only investigates
the performance di�erences between neural and non-neural rec-
ommendation models in limited aspects or settings [33, 62] and
ignores other aspects where neural and non-neural models may
di�er. For instance, [33] only focuses on the ranking accuracy over
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the test set. Ludwig et al. [62] compare neural and non-neural mod-
els under session-based recommendation tasks, ignoring the widely
studied top-= recommendation scenario. More importantly, these
benchmarks only focus on the weak generalization setting [63, 64],
i.e., all users and items are known during training. This is clearly
in contrast to real-world applications in which the recommender
system needs to accommodate newly joined users after deploy-
ment [50]. To move towards a more realistic scenario, we analyze
performance in a strong generalization setting in this paper where
new users are part of the test set.

To gain a deeper understanding of what bene�ts neural recom-
mendation models can provide, this paper conducts a large-scale
and systematic study of neural and non-neural models and explores
a wide range of model properties beyond accuracy. Speci�cally, we
propose to empirically evaluate both the memorization and gener-
alization abilities of recommendation models. By memorization, we
mean the ability of a model to memorize the user data it has seen
during training, while generalization refers to the ability to make
accurate predictions for new users during the test phase. As men-
tioned above, we adopt the setting of strong generalization [63, 64]
for generalization evaluation, where users are partitioned into non-
overlapping sets for training, validation, and test, respectively. Note
that there is usually a trade-o� between memorization and gener-
alization, which is also referred to as the bias-variance trade-o�
in machine learning [3, 87]. Robust recommendation performance
usually requires a careful balance between them [16]. We therefore
join these two perspectives, and formally state our �rst research
question as (RQ1) how do neural models di�er from non-neural mod-
els in terms of both memorization and generalization? Moreover,
most datasets are inhomogeneous and contain diverse subgroups of
items and users with di�ering characteristics (e.g., item popularity
and user preferences). Under such a context, a recommendation
model that performs well on one subgroup may not perform well
on others [24, 26, 28]. Hence an important dimension for evaluat-
ing the di�erences between neural and non-neural models is their
recommendation performance over speci�c subgroups of users or
items. This understanding helps analyze the potential limitations
of recommendation models, which is an important step in coming
up with possible improvements in the future. We state our sec-
ond research question as (RQ2) how do neural models di�er from
non-neural models in terms of subgroup-speci�c performance?

To answer the research questions above, we propose an array of
practical and comprehensive evaluation strategies. We survey 13
popular recommendation models (including two neural models and
11 traditional models as baselines) and conduct extensive experi-
ments over nine commonly used real-world datasets. Experimental
results indicate that even if hyper-parameters are su�ciently opti-
mized, neural models do not outperform traditional models in terms
of HitRate in most cases. However, we �nd that neural models can
have certain advantages over traditional non-neural ones. For ex-
ample, we �nd that neural models achieve better performance in
terms of MeanRanks, recommendation diversity, map out semantic
relationships between items more accurately, and show improved
robustness between subgroups of instances (i.e., users and items).

To summarize, our contributions are three-fold: (1) Experimen-
tal Design. We propose a set of comprehensive evaluation strate-
gies. To the best of our knowledge, our work serves as the �rst step

towards evaluating top-= recommendation performance di�erences
between neural and non-neural models on both memorization and
generalization. (2) Performance Comparison.We chose 13 popu-
lar recommendation models and nine commonly used datasets for
our empirical investigation. We conduct a large-scale study assess-
ing all dimensions de�ned above between neural recommendation
models and non-neural ones. (3) Comprehensive Analysis.We
present a comprehensive analysis of neural and non-neural recom-
mendation models based on the experimental results. In addition,
we also point out concrete directions for future research.

2 EVALUATION STRATEGIES
Through our experiments, we aim to answer the following two
research questions in this paper:
RQ1: How do neural models di�er from non-neural models in terms

of performance on memorization and generalization tasks?
RQ2: How do neural models di�er from non-neural models in terms

of subgroup-speci�c performance?
Below we present notations and our strategies to evaluate mem-

orization, generalization, and subgroup-speci�c performance.

2.1 Notation
We use calligraphic letters (e.g., A), bold lower-case letters (e.g.,
a), and normal lower-case letters (e.g., 0) to denote sets, vectors,
and scalars, respectively. In recommendation from implicit user
feedback, the historical interactions between a speci�c user and
item are binary, i.e., a user either likes an item or the relationship
between them is unknown and can thus be expressed as a set. We
denote the set of users and items in a recommender system as
U = {*1, ...,* |U | } and I = {�1, ..., � | I | }, respectively.

In the memorization setting, we treat the whole set of users U
as users visible during training (i.e., the training users), which is
denoted asUtrn. In the strong generalization setting, we split the
users into three non-overlapping sets, i.e., the user set for training
Utrn (Utrn ⇢ U), the user set for validation Uval (Uval ⇢ U), and
the user set for test Utst (Utst ⇢ U, and Utrn [Uval [Utst = U).

2.2 Memorization Evaluation
Memorization loosely describes a model’s ability to recall items
seen during training [16, 31, 38]. Following this notion, we measure
memorization in recommendation as a model’s performance in
recovering the implicit user feedback that was seen during training.
We now introduce two di�erent tasks that let us probe a speci�c
recommendation model for its memorization ability. Both tasks
measure how well a model can recover an item that was seen
during training but approach this goal in di�erent ways.

Leave-One-OutMemorization Task. In this task, we adapt the
widely adopted leave-one-out protocol [46, 47, 58, 65] to evaluate
memorization. Di�erent from the original protocol, we do not hold
out a test item, but pick an item that was seen during training.
Speci�cally, we randomly select one implicit feedback entry for
each user inUtrn. We then measure how close to the top a model
ranks this entry when recommending items to users in Utrn.

Reranking Memorization Task. The setting of this task is
similar to the one above, but here we focus on the performance
of recovering all training items for a user. More speci�cally, for
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each user in Utrn, we measure whether their training items will be
ranked at the top when recommending items to this user.

To summarize, both tasks focus on performing evaluations over
the set of training usersUtrn. The �rst strategy measures the ability
of a recommendation model to predict single missing (hold-out)
items, while the second strategy focuses on how well all training
items can be recalled after �tting the model.

2.3 Generalization Evaluation
Generalization is loosely de�ned as applying the learned underly-
ing data patterns to predict on unseen data [9, 14, 16, 53, 56, 92].
Correspondingly, when we refer to the generalization performance
of a recommendation model, we mean the performance of making
accurate predictions on user-item combinations that were not seen
during training. It is worth noting that the generalization ability of
a recommendation model has important real-world consequences
as such models often have to make predictions for new users [50].
We then discuss strategies to evaluate generalization below.

Strong Generalization Task. We argue that strong generaliza-
tion re�ects the performance of recommendation models better in
practice (compared with weak generalization). Speci�cally, evaluat-
ing the capability of strong generalization requires to test models
on new users (i.e., those invisible ones during training) and existing
items [63]. Following the partitioning introduced in Section 2.1,
we use users inUtrn with one hold-out item per user for training.
After that, we use users inUtst (with one hold-out item per user)
for recommendation performance evaluation.

Semantic Coherence under Strong Generalization. To gain
a deeper understanding of the generalization performance, it is also
critical to zoom in and examine howwell those item-item semantics
are captured [90]. Here, the intuition of our proposed strategy is
that: given a user with only one interaction with a certain item, a
model is considered to capture item-item semantics well if other
items that are semantically similar (to this interacted item) can be
identi�ed and recommended. Speci�cally, we propose to generate
a set of dummy users Ũ. Each of these dummy users only interacts
with one unique item out of I (thus |Ũ | = |I |). For each dummy
user *̃8 2 Ũ, we regard the generated user pro�le (i.e., the generated
one user-item interaction) as the known historical implicit feedback,
and employ the recommendation model to generate preference
scores over all other items. In addition, we collect the semantics of
all items (such as manual semantic tags) as side information. For
the item interacted with *̃8 , we also compute its similarity scores
(e.g., based on cosine similarity) between the semantics of itself and
that of all other items. Finally, we compute the Pearson correlation
between the predicted preferences and the semantic similarity for
*̃8 . We propose to consider the average Pearson correlation value
over Ũ as a general indicator of how well a recommendation model
exploits the item-item semantics.

2.4 Subgroup-Speci�c Performance Evaluation
A recommendation model may bear di�erent performance over
di�erent subgroups of instances (e.g., users and items) for a speci�c
dataset, where such subgroups are partitioned out of the original
dataset w.r.t. certain instance-level characteristics. For example,
when users are divided into active and inactive groups out of an

e-commerce dataset, most recommendation models may deliver
recommendations with signi�cantly higher quality to the group of
active users [59, 72]. Correspondingly, we de�ne subgroup-speci�c
performance as "the performance over subgroups of instances when
the original dataset is partitioned following certain instance-level
characteristics". In fact, one of the most widely studied partitionings
is the warm-start subgroup versus cold-start subgroup [1, 11, 43,
73, 89]. Motivated by this, we propose to partition warm-start and
cold-start subgroups from the perspectives of both users and items.
In this section, we discuss our strategies to evaluate the subgroup-
speci�c performance below.

Partitioning Users: Active vs. Inactive. We propose to parti-
tion users into active user and inactive user subgroups according
to their total number of interactions. We aim to explore the recom-
mendation quality di�erence (across di�erent models) over the two
user subgroups. Speci�cally, we select the top 1

3 active and top 1
A

inactive users in Utst to construct an active user set Uact and an
inactive user set Uina, respectively. Here we propose to determine
the value of A by ensuring the total number of positive interactions
in the two sets of users are generally the same, which ensures a fair
comparison. Given a speci�c recommendation model, we evaluate
its recommendation performance on Uact and Uina separately.

Partitioning Users: Similar vs. Dissimilar. To evaluate the
generalization capability at a �ner granularity, we propose to di-
videUtst into two groups based on the similarity of their implicit
feedback with the users in Utrn. Speci�cally, we �rst compute the
similarity score between every test user (i.e., users inUtst) and train-
ing user (i.e., users in Utrn). Then for each test user, we truncate
its top-; similarity scores with those training users and compute
the sum of these truncated similarity scores. Here ; is a parameter
that controls the computation of similarity truncation length. We
consider top 1

3 test users with the largest values of the top-; simi-
larity score sum as similar users. In a similar vein, we consider top
1
3 users with the smallest top-; similarity scores sums as dissimi-
lar users. Given a speci�c recommendation model, we evaluate its
performance over the two sets of test users separately.

Partitioning Items: Head vs. Tail. We �nally explore how
neural and non-neural recommendation models di�er in recom-
mendation quality for both head items (popular items with a large
total number of interactions with test users) and tail items (items
with fewer interactions). Speci�cally, we �rst split the item set
I into a head item set Ihead and a tail item set Itail according to
the total number of users inUtst who have interacted with them.
The total interactions occupied by items from the two sets should
generally be the same in order to ensure a fair comparison. To per-
form evaluation, we propose to divide the test users into two sets
determined by which set the items associated with their hold-out
interactions belong to. Given a speci�c recommendation model, we
evaluate its performance over the two sets of test users separately.

3 BENCHMARKED MODELS
As previously mentioned, the generalization setting that this paper
focuses on is strong generalization (as introduced in Section 2.3). As
a consequence, we only include the recommendation models that
naturally support the strong generalization setting in our perfor-
mance comparison. Overall, we compare two neural models with
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Table 1: The statistics for the adopted datasets. Note that the presented statistics are the corresponding ones after pre-processing
with binarizing and 5-core �ltering. "Orig. Sparsity" indicates the level of sparsity before pre-processing.

Dataset #Users #Items Orig. Sparsity 5-Core Sparsity #Ratings #Ratings Per Item #Ratings Per User
ml100k 938 1,008 6.30 ⇥ 10�2 5.75 ⇥ 10�2 54.4 K 54.0 58.0
lastfm 1,859 2,823 2.78 ⇥ 10�3 1.36 ⇥ 10�2 71.4 K 25.3 38.4
kuai 1,411 3,065 9.96 ⇥ 10�1 5.01 ⇥ 10�2 216.7 K 70.7 153.6
bookx 13,854 34,609 3.21 ⇥ 10�5 1.09 ⇥ 10�3 521.1 K 15.1 37.6
ml1m 6,034 3,125 4.47 ⇥ 10�2 3.05 ⇥ 10�2 574.4 K 183.8 95.2
jester 50,109 100 5.63 ⇥ 10�1 2.03 ⇥ 10�1 1.0 M 10,172.0 20.3

amazon-e 124,895 44,843 3.91 ⇥ 10�6 1.92 ⇥ 10�4 1.1 M 23.9 8.6
ml20m 136,674 13,680 5.40 ⇥ 10�3 5.34 ⇥ 10�3 10.0 M 729.3 73.0
net�ix 463,435 17,721 1.18 ⇥ 10�2 6.93 ⇥ 10�3 56.9 M 3,209.7 122.7

�ve types of non-neural recommendation baselines: unpersonal-
ized models, factorization-based models, nearest neighbor-based
models, linear models, and graph-based models.

Neural Recommendation Models. Only a few neural recommen-
dation models are able to yield recommendations under the
strong generalization setting. We selected MultiVAE and
MultiDAE as they are both common as well as provide (near)
state-of-the-art performance on some datasets [60]. Both
MultiVAE and MultiDAE are autoencoder-based recommen-
dation models where the basic idea is to reconstruct the en-
tire user pro�les from partial versions. Extending MultiDAE,
MultiVAE adopts a fully Bayesian approach to �t per-user
variance, which could make it more prone to over�tting.

Unpersonalized Models (Non-Neural). Two unpersonalized rec-
ommendation models are adopted as baselines, namely Ran-
dom and Popularity. Random generates a random permu-
tation of items for each user, while Popularity generates
recommendation results for users based on the popularity
(total number of positive interactions) of items.

Factorization-based Models (Non-Neural). Two factorization-
basedmodels are selected, including PureSVD andALS. Their
main di�erence is that PureSVD performs a vanilla singular
value decomposition on the user-item matrix, while ALS
performs a weighted matrix factorization.

Nearest Neighbor-based Models (Non-Neural). ItemKNN and
UserKNN are adopted as two traditional nearest neighbor-
based recommendation models. Recommendations are de-
rived based on the item-item and user-user similarity in the
two models, respectively.

Linear Models (Non-Neural). SLIM [68] and Ease [80] are two
popular linear baselines. Both of them aim to learn a lin-
ear function to capture the similarity for item-based col-
laborative �ltering. However, SLIM aims to learn a sparse
linear function, while Ease does not have the sparsity con-
straint. Hence Ease adopts the Frobenius norm of the learn-
able weight matrix as the regularization term instead of
leveraging an ;1-norm as in SLIM.

Graph-based Models (Non-Neural). P3alpha [17], RP3beta [69],
and Graph Filter based Collaborative Filtering (GFCF) [79]
are adopted as the graph-based recommendation models. In
general, these models consider the users and items as nodes,

and the corresponding input matrix describes the existing
edges between users and items with implicit user feedback.
Speci�cally, in P3alpha, items are ranked based on the reach-
ing probability of a three-step walk to every user for recom-
mendation; RP3beta is a modi�ed version of P3alpha, where
the outcomes are normalized by the corresponding item pop-
ularity; GFCF performs prediction based on the propagated
input implicit user feedback matrix through existing edges.

4 EXPERIMENTAL SETUP
4.1 Datasets
Dataset Selection. A lot of previous work has published results
only on a relatively small number of datasets [83]. Our guiding
principle for dataset selection is to choose the most commonly
used public datasets to ensure replicability. Nine popular publicly
available datasets are selected in this paper, namely ml100k [40],
ml1m [40], ml20m [40], lastfm [45], kuai [35], bookx [12], jester [36],
amazon-e [66], and net�ix [10].

Pre-Processing Strategy. We conduct experiments based on
implicit user feedback (such as binary entries representing clicks
and purchases) and convert all ordinal rating data to binary. We
follow the general consensus and treat all ratings greater or equal
to four as positive and negative for the rest [83]. In addition, it is
also often necessary in practice to �lter out users and items with
insu�cient ratings, i.e., to perform ⌘-core �ltering. We choose a
common setting [94] to assign⌘ as �ve, and we present the statistics
after �ltering in Table 1.

4.2 Metrics
We present our evaluation metric choices in this subsection. Specif-
ically, we include three types of metrics, namely metrics for utility,
diversity, and semantic coherence. We present the details below.

Utility Metrics. There is a wide range of utility metrics that
have been used to evaluate the ranking performance in top-= rec-
ommendation. However, multiple popular metrics can be unstable
during evaluation. For example, nDCG is a�ected by the total num-
ber of items and may �ip the model comparison conclusion by
only changing the gain factor used in computation [13]. Here, we
adopt three commonly used metrics that are more stable to mea-
sure the recommendation utility, namely Recall@k, HitRate@k,
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and MeanRanks [34]. We de�ne Recall@k for a user *8 as

Recall@k =
|'(*8 ) \) (*8 ) |

|) (*8 ) |
, *8 2 U, (1)

where '(*8 ) denotes the set of retrieved items among the top-=
recommendations for user*8 ; ) (*8 ) represents the set of relevant
items that are used during the test phase for user*8 . To be consistent
with prior works, when |) (*8 ) | = 1, we refer to Recall@k instead
of HitRate@k. We present its formulation as

HitRate@k = |'(*8 ) \) (*8 ) |, *8 2 U⇤ . (2)

Here U⇤ is U and Utst in the memorization and generalization
setting, respectively. Finally, we formulate MeanRanks as

MeanRanks =
Õ
�8 2) (*8 ) Rank(�8 )

|) (*8 ) |
, *8 2 U⇤, (3)

where the function Rank(·) takes an item as input and outputs
the corresponding rank position in the output recommendations.
We leverage both Recall@k and MeanRanks to measure the model
utility under the reranking memorization task. In other settings, we
utilize HitRate@k and MeanRanks as the corresponding metrics.

DiversityMetrics.Diversity is among the most popular beyond-
accuracy ranking metrics [6, 29, 44, 71, 84, 93]. In our experiments,
we employ the Gini Index [88] and Shannon Entropy [37] to mea-
sure diversity. The Gini Index comes from economics, where it was
originally used to measure disparity. To compute it, one counts the
number of times an item appears in the top-= recommendations for
users in the test set, and then normalizes this frequency so that the
item frequencies form a probability distribution (e.g., ? (�8 ) for item
�8 ). After sorting the items in increasing order 81, 82, . . . , 8= , the Gini
Index is de�ned as

Gini_Index =
1

= � 1

=’
9=1

(2 9 � = � 1)?
⇣
�8 9

⌘
. (4)

As a second measure of diversity, we adopt Shannon Entropy. It is
computed as follows:

Shannon_Entropy = �
=’
8=1

? (�8 ) log? (�8 ) . (5)

We use both metrics above to measure diversity in order to get a
more accurate picture of performance di�erences between models.

Semantic Coherence Metrics. Another important aspect of
di�erences between neural and non-neural models is the degree
to which a model captures semantic relationships between items
in the embedding space (see also Section 2.3). Inspired by user-
centric studies such as [90], we propose a metric named Semantic
Coherence Index (SCI). For each item �8 2 I, we build a vector rep-
resentation based on information that expresses human perception
of similarity and relatedness (e.g., manual semantic tags). Let r8 be
the item similarity vector that a model produces. For models that
use an item-item matrix, we simply use the corresponding entry.
For models that do not have such a matrix, we input a one-hot user
vector with entry 8 set to one. We also compute the cosine similarity
between the semantic vector of �8 and that of every other item and
denote the resulting vector as s8 . The SCI is then computed as

SCI =
1
|I |

’
�8 2I

Pearson (s8 , r8 ) , (6)

where the function 5 is the recommendation model that takes
two items as input, and outputs a vector depicting the predicted
preference scores over all items in I; function Pearson(·) takes two
vectors as input and outputs the value of their Pearson correlation.
We leverage SCI to measure how well recommendation models
capture the item-item semantics.

4.3 Experimental Settings
Evaluation Protocol. For each model, we perform training and
testing under nested cross-validation with �ve user-based folds. For
each round of evaluation, we use three folds as the training data,
one fold for validation, and one fold for test. We set the value for the
truncation length ; for test-train user similarity ranking truncation
(under subgroup-speci�c performance evaluation) to ten.

Hyper-parameter Tuning. We conduct an extensive hyper-
parameter search for all models. Speci�cally, the hyper-parameter
search was done with Bayesian optimization for 50 iterations in
every round of cross-validation. We used HitRate@50 as the tar-
get metric. The search space and the values of optimal hyper-
parameters for each dataset in every round of cross-validation
will be released upon acceptance.

5 EMPIRICAL INVESTIGATION
5.1 Finding 1: Neural models excel on datasets

with larger sizes in memorization
We �rst perform experiments on the two memorization settings in-
troduced in Section 2.2. In the leave-one-out memorization task, we
collect the values of HitRate@50 and Meanranks. In the reranking
memorization task, we collect the values of Recall@50 and Mean-
Ranks. We compute the ranking of all models for each dataset, and
then rank them by their average rank over all datasets. We present
the results in Fig. 1(a) and Fig. 1(b).

Leave-One-Out Memorization Task. We �rst discuss the dif-
ferences between neural and non-neural models in the leave-one-
out memorization tasks. From the experimental results, we can
observe that neural models do not exhibit superiority over other
non-neural models, and simpler non-neural models are still able to
outperform neural ones. For example, Ease, as a linear recommen-
dation model, outperforms neural models on both utility metrics.

Reranking Memorization Task. We examine the di�erences
between neural and non-neural models in the so-called reranking
memorization task. We observe that neural models are among the
ones with the best reranking performance. A potential reason could
be that the high model capacity enables neural models to perform
well in memorizing all implicit user feedback that has been seen
during training. Nevertheless, it is also worth noting that several
non-neural models also perform well, e.g., linear models, which is
consistent with the �ndings from existing work (e.g., [33]) in weak
generalization settings.

Memorization under Di�erent Dataset Sizes. Based on the
previous results, we further zoom in on the di�erences regarding
the �tting capabilities of neural models and non-neural models.
Speci�cally, we compute the average performance ranking in the
reranking memorization task for each baseline model over datasets
with the top-: smallest and largest sizes (in terms of the total num-
ber of implicit user feedback). We present the results for : = 2
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(a) Leave-one-out memorization task (b) Reranking memorization task (c) Strong generalization task (d) Recommendation diversity

Figure 1: In (a) and (b), we present the results of the two di�erent memorization tasks, respectively. In (c), we show the
generalization results in terms of recommendation utility. In (d), we present the results for recommendation diversity in terms
of Gini Index and Shannon Entropy. We use "RC", "HR", and "MRs" to represent Recall, HitRate, and MeanRanks, respectively.
Average rankings are computed over all nine datasets for every recommendation model. The two neural recommendation
models are in light coral while others use a light blue.

(a) Average ranking on the datasets
with top-two smallest sizes

(b) Average ranking on the datasets
with top-two largest sizes

Figure 2: Results of the reranking memorization task be-
tween neural models and other �ve groups of baselines. The
performance of each baseline group is averaged over the top
two smallest/largest datasets. The two neural models are in
light coral and others are in light blue.

Figure 3: Results for semantic coherence on the ml20m
dataset. The two neural recommendation models are marked
in light coral and others in light blue.

in Fig. 2(a) and Fig. 2(b). We observe that linear recommendation
models achieve the best performance over all other models on
the top-: smallest datasets. Nevertheless, neural recommendation
models achieve the best performance on the top-: largest datasets.
Although not shown, these trends also hold for other values of : .
One hypothesis for these results is that smaller datasets with less
implicit user feedback (i.e., user-item interactions) tend to possess
simpler user preference patterns. As a consequence, simpler mod-
els, such as linear ones, are able to memorize the user pro�les well.
Another explanation might be that as neural models are higher
capacity, they need more data in order to not over�t.

To summarize the observations, we found that neural models did
not show superior performance in our leave-one-out memorization

task but were among the best-performing ones in the reranking
memorization task. We hypothesize that neural models perform
better in the reranking task because it emphasizes the performance
on recovering all training items correctly at the same time. With
their smooth parameterization, neural models may be able to do
this soft clustering better than sparse linear models.

5.2 Finding 2: Neural and non-neural models
generalize di�erently

We now turn to investigate how neural and non-neural models
di�er in their generalization abilities. Going beyond pure accu-
racy, we discuss their di�erences from three perspectives, including
recommendation utility, diversity, and semantic coherence.

Recommendation Utility. This assesses recommendation util-
ity by measuring HitRate and MeanRanks in the strong generaliza-
tion setting. We �rst present a general summary of the rankings
of each recommendation model in Fig. 1(c). We observe that in
terms of HitRate@50 (the vertical axis), although neural models
are among the ones with the best performance, both linear models
(Ease and SLIM) achieve better performance compared with the
neural ones. Put another way: neural models did not perform any
better than traditional linear models. However, when considering
how far relevant items appear in the ranking by measuring Mean-
Ranks (the horizontal axis), neural models are superior to all other
recommendation models. These experimental results point again
to the ability of neural models to have soft and coherent clusters –
similar to the reranking memorization task.

In addition, we also present the detailed performance statistics
in Table 2. These detailed results are with our previous summary:
neural models tend to outperform other non-neural models in terms
of MeanRanks, but they do not exhibit any superiority compared
with linear models in terms of HitRate.

Recommendation Diversity. To study the performance di�er-
ences in recommendation diversity, we computed the Gini Index
and Shannon Entropy of the resulting recommendations. We look
at the top-10 (: = 10) performance scores for more discrimina-
tive power and present the diversity rankings of each model in
Fig. 1(d). Our observations are as follows. First and unsurprisingly,
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the unpersonalized Random method achieves the best performance
in terms of both metrics for recommendation diversity. However,
Random is not an e�ective recommendation approach in real-world
applications due to its poor utility, e.g., low HitRate and MeanRanks
indicated in Fig. 1(c). Among the remaining models, neural models
achieve the best performance on both diversity metrics. These re-
sults indicate that neural models deliver recommendations with a
higher level of diversity, which implies that neural models are less
prone to putting high scores on popular items.

Recommendation Semantic Coherence.We �nally analyze
the semantic coherence of recommendation, where we use side
information about the items collected from user-speci�ed tags. The
results we present here are based on the MovieLens ml20m dataset,
where human-annotated semantic information is available from
the semantic tags submitted by users. We follow the methodology
outlined in Section 2.3 and present the experimental results in Fig. 3.
We observe that neural models achieve the highest values in terms
of Semantic Coherence Index. Such an observation suggests that
neural models are better at capturing item-item semantics as they
are learning from user feedback.

To summarize, we found that in the strong generalization setting,
non-neural models (on average) achieve better HitRate, while neural
models achieve better performance in terms of MeanRanks. This at
least gives some guidance for practitioners – non-neural models
should be preferred when a better HitRate is desired. In addition,
neural models achieve a higher level of diversity and can better
capture the item-item semantic relationship compared with non-
neural ones. Thus neural models should be preferred when diversity
and having adequate item-item relationships are of importance.

5.3 Finding 3: Neural models exhibit stronger
robustness among di�erent subgroups

We now explore subgroup-speci�c performance di�erences be-
tween neural and non-neural models as discussed in Section 4.
We examine performance di�erences between user subgroups and
item subgroups in strong generalization settings as before.

Similar Users vs. Dissimilar Users. We �rst study the per-
formance di�erences between similar and dissimilar users. Here
similar users refer to test users that have the largest top-ranked co-
sine similarities with the users that have been seen during training
(in terms of implicit user feedback), while dissimilar users are those
who are most dissimilar to those training users. We present the
experimental results over the two subgroups of users in Fig. 4(a) and
Fig. 4(b), respectively. We make the following observations. First,
neural and non-neural models mimic the performance ranking we
found in the generalization experiments (introduced in Section 5.2):
neural models do better in terms of MeanRanks but cannot outper-
form traditional linear recommendation models on HitRate. Second,
relative to its performance over similar users, MultiDAE achieves
better performance over dissimilar ones. Other models don’t ex-
perience much change in terms of HitRate. However, in terms of
MeanRanks, both neural models fare substantially better than non-
neural models on dissimilar users. These �ndings indicate that
neural models are more robust with respect to their performance
across the two di�erent user subgroups (i.e., similar and dissimilar),
both for HitRate as well as MeanRanks.

(a) Similar users (b) Dissimilar users

(c) Active users (d) Inactive users

(e) Head items (f) Tail items

Figure 4: Evaluation of subgroup-speci�c performance. We
use "HR" and "MRs" to represent HitRate and MeanRanks,
respectively. The two neural models are marked out with
color light coral against others as light blue.

Active Users vs. Inactive Users.We also analyze the perfor-
mance di�erences between active and inactive users. Here active
refers to users with the largest numbers of ratings, while inactive
denotes the opposite (thresholds were picked based on percentiles).
Our �ndings are as follows. First, in terms of active user subgroups,
both neural models exhibit better performance for MeanRanks than
for HitRate. However, they do not consistently outperform non-
neural models. For example, SLIM is a much simpler non-neural
model but achieves better performance compared to neural models
in terms of both utility metrics. Second, when considering inactive
users, MultiDAE achieves better performance, and the performance
of most models remains stable for HitRate. However, the Mean-
Ranks performance of most non-neural models declines for inactive
users, while both neural models fare best. These observations imply
that neural models demonstrate better robustness compared with
non-neural models (especially on MeanRanks) between users with
di�erent activity levels.
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(a) ml100k.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.047 0.030 476.3 39.5
Popularity 0.324 0.067 193.5 30.1
UserKNN 0.553 0.071 107.3 23.8
ItemKNN 0.569 0.071 102.9 22.0
P3alpha 0.570 0.071 111.3 24.8
RP3beta 0.571 0.071 95.4 19.8
PureSVD 0.577 0.071 108.7 24.9
MultiVAE 0.579 0.071 92.1 19.6
GFCF 0.582 0.071 97.7 21.6
MultiDAE 0.597 0.070 85.8 18.6
ALS 0.598 0.070 96.7 22.0
Ease 0.600 0.070 99.1 23.9
SLIM 0.604 0.070 101.5 23.2

(b) ml1m.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.018 0.007 1518.1 50.0
Popularity 0.251 0.024 410.6 29.1
ItemKNN 0.441 0.028 276.3 30.2
UserKNN 0.449 0.028 258.4 29.0
P3alpha 0.456 0.028 296.3 31.6
RP3beta 0.462 0.028 242.1 26.3
PureSVD 0.471 0.028 271.1 32.3
GFCF 0.487 0.028 219.9 25.6
MultiVAE 0.492 0.028 180.3 18.5
SLIM 0.496 0.028 208.4 23.1
MultiDAE 0.503 0.028 173.8 18.1
ALS 0.504 0.028 216.8 25.6
Ease 0.512 0.028 224.4 27.1

(c) ml20m.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.004 0.001 6814.6 46.6
Popularity 0.241 0.005 695.9 14.7
P3alpha 0.432 0.006 957.8 24.9
ItemKNN 0.462 0.006 559.9 18.4
PureSVD 0.469 0.006 808.5 30.9
RP3beta 0.476 0.006 374.7 12.6
UserKNN 0.496 0.006 517.4 18.6
GFCF 0.516 0.006 385.9 17.5
ALS 0.519 0.006 494.7 22.2
MultiVAE 0.522 0.006 253.8 7.8
SLIM 0.523 0.006 405.1 14.8
Ease 0.548 0.006 744.3 30.4
MultiDAE 0.564 0.006 197.7 6.6

(d) lastfm.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.024 0.015 1374.2 82.2
Popularity 0.206 0.041 660.6 78.9
PureSVD 0.464 0.051 337.8 64.7
UserKNN 0.467 0.051 311.0 60.4
P3alpha 0.491 0.051 220.0 44.0
ALS 0.492 0.051 295.4 58.9
ItemKNN 0.505 0.051 193.2 37.8
RP3beta 0.508 0.051 191.5 38.1
Ease 0.522 0.051 287.5 59.0
GFCF 0.527 0.051 205.0 43.3
SLIM 0.530 0.051 201.6 41.4
MultiVAE 0.540 0.051 172.3 34.6
MultiDAE 0.544 0.051 167.7 33.9

(e) kuai.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.016 0.015 1419.9 98.9
P3alpha 0.318 0.054 601.7 90.2
MultiVAE 0.319 0.054 567.4 84.7
Popularity 0.319 0.054 588.9 86.0
GFCF 0.320 0.054 590.4 87.6
ItemKNN 0.322 0.055 621.6 90.8
RP3beta 0.322 0.055 578.9 87.2
MultiDAE 0.323 0.055 577.3 84.9
UserKNN 0.323 0.055 598.6 87.7
PureSVD 0.327 0.055 628.8 93.6
ALS 0.330 0.055 599.8 90.7
Ease 0.330 0.055 617.3 92.7
SLIM 0.331 0.055 607.4 89.0

(f) bookx.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.001 0.001 17270.8 372.2
Popularity 0.055 0.008 9118.9 395.9
PureSVD 0.109 0.012 10701.4 450.7
ALS 0.117 0.012 9704.5 430.6
MultiVAE 0.129 0.012 4976.9 275.0
GFCF 0.132 0.013 4852.8 282.9
MultiDAE 0.137 0.013 4704.4 262.9
UserKNN 0.137 0.013 7749.4 373.8
ItemKNN 0.145 0.013 10098.6 400.6
P3alpha 0.153 0.013 8949.8 392.8
Ease 0.156 0.013 10142.6 463.3
RP3beta 0.157 0.014 7526.9 374.7
SLIM 0.161 0.014 8243.6 376.2

(g) jester.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.633 0.009 40.8 0.5
PureSVD 0.837 0.007 23.6 0.5
Popularity 0.891 0.006 20.0 0.4
ItemKNN 0.912 0.006 18.3 0.4
P3alpha 0.927 0.005 17.4 0.4
GFCF 0.928 0.005 17.1 0.4
ALS 0.936 0.005 15.4 0.3
Ease 0.939 0.005 14.9 0.3
MultiVAE 0.939 0.005 15.7 0.3
RP3beta 0.939 0.005 16.0 0.3
SLIM 0.939 0.005 15.1 0.3
UserKNN 0.940 0.005 15.4 0.3
MultiDAE 0.947 0.004 14.7 0.3

(h) amazon-e.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.001 0.000 22423.5 160.7
Popularity 0.063 0.003 9779.2 153.7
PureSVD 0.070 0.003 12358.1 179.7
ALS 0.089 0.004 12863.8 187.2
GFCF 0.114 0.004 10004.1 165.5
MultiVAE 0.114 0.004 7169.4 128.3
UserKNN 0.119 0.004 14265.9 178.9
MultiDAE 0.126 0.004 6424.7 120.2
Ease 0.128 0.004 17552.1 221.5
ItemKNN 0.128 0.004 15762.3 178.8
P3alpha 0.129 0.004 14208.5 178.4
RP3beta 0.129 0.004 14341.7 178.4
SLIM 0.132 0.004 12844.7 174.0

(i) net�ix.

Model HR@50 95% CI MeanRanks 95% CI
Random 0.003 0.000 8794.4 32.7
Popularity 0.172 0.002 1005.6 12.2
P3alpha 0.361 0.003 1759.7 25.7
ItemKNN 0.374 0.003 1426.6 23.0
UserKNN 0.387 0.003 1144.4 20.4
RP3beta 0.389 0.003 1415.7 23.0
PureSVD 0.398 0.003 1281.5 24.2
GFCF 0.404 0.003 556.6 12.3
MultiVAE 0.417 0.003 420.9 6.8
ALS 0.424 0.003 742.4 16.5
SLIM 0.450 0.003 830.3 17.2
MultiDAE 0.462 0.003 327.8 5.8
Ease 0.467 0.003 1099.6 23.0

Table 2: Performance of all recommendation models over nine real-world datasets. The results on each dataset are ranked in
an ascending order from top to bottom in terms of HitRate@50 (denoted as HR@50). "95% CI" represents the 95% con�dence
interval. Neural models are marked in grey.

Head Items vs. Tail Items.We �nally compare the performance
of the recommendation models on head and tail items. Again, head
items refer to items with the largest number of implicit user feed-
back, while tail items are the opposite. The performance of each
model is reported over two user subgroups partitioned by which
type of item is held out randomly. We observe that neural models
do not outperform non-neural ones in terms of HitRate, especially
for users whose hold-out items are head items. However, neural
models do have an advantage when considering MeanRanks in both
settings. Second, both neural models maintain their performance
advantage over other non-neural models on tail items, while the
performance of most other non-neural models drops on tail items.
Several non-neural models (e.g., ALS and PureSVD) show better
performance on tail items, however, they are behind the neural
models. These observations suggest that neural models not only

achieve better MeanRanks scores in general but also exhibit better
robustness across head and tail items.

Based on the discussion above, our results indicate that neu-
ral models tend to have stronger robustness over warm/cold-start
instances compared to non-neural ones. As a consequence, we sug-
gest that neural models should be preferred if better MeanRanks or
robustness is desired in practice.

6 RELATEDWORK
Researchers have long been noticing that the results of multiple
recommendermodels are hard to compare due to di�erences in base-
line implementations [76], dataset pre-processing strategies [52],
and evaluation methodologies [27]. These �ndings have cast doubt
on whether the reported performance increases of each new model
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can actually add up. This leads researchers to re-investigate exist-
ing recommendation models [4, 33]. Most of the replication studies
found it hard to obtain similar results as published previously [19].
This further boasts the claim that reproducibility and replicability
in recommender systems are central issues[4, 8, 33, 62, 74]. For
example, Sedhain et al. [78] pointed out that simple linear classi�-
cation models compare quite favorably with state-of-the-art; Pérez
et al. [70] found several neural recommendation models are to be
non-reproducible; Kolesnikov et al. [51] pointed out potential �aws
with popular evaluation strategies.

Neural vs. Non-Neural Recommendation Models. Com-
pared with non-neural models, neural models have been claimed to
outperform traditional recommender systems in recent years. To
the best of our knowledge, there are only three other relevant stud-
ies on the di�erence between neural and non-neural models. Anelli
et al. [4] found that neural models cannot outperform most tradi-
tional models, e.g., linear models and matrix factorization. Ludewig
et al. [62] found similar results for session-based recommendation.
Finally, Zhao et al. [94] argued that the training e�ciency of neural
models is signi�cantly lower than that of other traditional models,
such as linear models. This casts further doubt on whether or not
it is worthwhile to adopt neural models in practice.

Recommender System Evaluation. It is worth noting that
recommender systems do not exist in isolation but are part of a
user-facing system [18]. In real-world live recommender systems,
any potential �aw can have a potentially huge negative impact on
users. Hence it is critical to systematically understand the proper-
ties of recommendation models o�ine before users are exposed
to them. Multiple studies have tried to systematically evaluate ex-
isting recommendation models [4, 8, 33, 62, 74]. For example, Sun
et al. [83] argued that certain essential factors (e.g., data splitting
methods and hyper-parameter tuning strategies) can in�uence the
performance recommendation model dramatically. Therefore, they
proposed standardized procedures for a more rigorous evaluation.
Other recent studies have also looked at other parts of the whole
evaluation pipeline [5, 6, 33, 49, 55, 62]. Furthermore, there are
also existing studies focusing on speci�c factors in evaluation. (1)
Dataset Construction. Datasets have been playing a critical role
in delivering accurate recommendations in existing recommenda-
tion models. The strategies to pre-process and construct the dataset
have attracted much research attention [55, 57, 67, 75, 94]. For ex-
ample, Sachdeva et al. [75] evaluated the e�cacy of sixteen di�erent
sampling strategies for benchmarking recommendation models. (2)
Baselines. Whether appropriate baselines are included or not is
also a critical factor in the evaluation of recommender systems.
As an example, Ji et al. [48] proposed to re-visit the commonly
chosen baselines in recommender systems. (3)Model Optimiza-
tion.Model optimization can also exert a signi�cant in�uence on
the performance of recommender systems, e.g., hyper-parameter
tuning strategies. For example, Zhao et al. [94] argued that the
search range of hyper-parameters often a�ects the performance
substantially, while Anelli et al. [7] pointed out that only tuning
a few parameters will usually help achieve adequate performance.
(4) Evaluation Metrics. It is also important to study whether the
adopted evaluation metrics are appropriate or not [21, 30, 54, 55, 94].
For instance, Zhao et al. [94] found that adopting sampling-based
metrics could introduce bias in the evaluation process.

Signi�cance of Our Work. Despite the progress in evaluat-
ing recommendation models, there is not much work comparing
di�erent types of recommendation models [49, 62]. However, we
note that it is a critical issue since such an understanding facilitates
the researchers and engineers to choose appropriate models under
di�erent application scenarios. Meanwhile, existing insights on the
di�erence between neural and non-neural models are also limited.
For example, Anelli et al. [4] conducted an evaluation between
neural and non-neural models. However, they adopted weak gener-
alization as the evaluation strategy, which we argue is not repre-
sentative of real-world recommendation systems that are needed to
make recommendations to new users. Ludewig et al. [62] compared
the performance between neural and non-neural models. However,
their work only focuses on session-based recommendation, ignor-
ing the most common recommendation problem with implicit user
feedback. Zhao et al. [94] evaluated popular recommendation mod-
els considering di�erent factors. However, they did not provide a
comprehensive discussion of the performance between these two
types of recommendation models. Di�erent from most existing
work on recommendation model evaluation, this paper provides
comprehensive evaluation results under a strong generalization
setting, which gives a better understanding of the characteristics
of the two types of recommendation models.

7 CONCLUSION AND DISCUSSION
In this work, we present a thorough investigation into the perfor-
mance di�erences between neural recommendation models and
non-neural ones. We empirically explored what type of bene�t one
may gain when using neural models instead of traditional non-
neural ones for recommendation in practice. We introduced a num-
ber of practical and diverse evaluation strategies for benchmarking
and then conducted extensive experiments on nine publicly avail-
able real-world datasets over 13 popular recommendation models.
We show that in most cases, neural models do not show superior
performance over other non-neural models when considering Hi-
tRate. They do, however, fare better in terms of MeanRanks. In
addition, neural models, on average, showed a higher level of diver-
sity, were better at capturing item-item semantics, and exhibited
stronger robustness in warm-start and cold-start scenarios.

To the best of our knowledge, this is the �rst work to investigate
the performance di�erences between neural and non-neural rec-
ommendation models in top-= recommendation with implicit user
feedback. Investigations in terms of the widely studied memoriza-
tion, under-explored generalization, and rarely discussed subgroup-
speci�c performance are included. Future works based on this paper
may explore whether neural models exhibit superiority over other
popular metrics and whether the bene�ts of neural models are
worth the training costs. However, we note that they are beyond
the scope of this paper. We hope this work can help practitioners
with their choice of recommendation models, inspire more research
around understanding recommender models, and facilitate better
model design in the future.
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