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Abstract. This work explores the reproducibility of CFGAN. CFGAN
and its family of models (TagRec, MTPR, and CRGAN) learn to gener-
ate personalized and fake-but-realistic rankings of preferences for top-N
recommendations by using previous interactions. This work successfully
replicates the results published in the original paper and discusses the
impact of certain differences between the CFGAN framework and the
model used in the original evaluation. The absence of random noise and
the use of real user profiles as condition vectors leaves the generator prone
to learn a degenerate solution in which the output vector is identical
to the input vector, therefore, behaving essentially as a simple autoen-
coder. The work further expands the experimental analysis comparing
CFGAN against a selection of simple and well-known properly optimized
baselines, observing that CFGAN is not consistently competitive against
them despite its high computational cost. To ensure the reproducibility
of these analyses, this work describes the experimental methodology and
publishes all datasets and source code.

Keywords: Generative Adversarial Networks · Recommender
Systems · Collaborative Filtering · Reproducibility

1 Introduction

In recent years, Generative Adversarial Networks (GANs) have become the state-
of-the-art technique inside the group of generative methods, i.e., methods that
learn how to generate fake data from the real one. Their primary use has been
in the computer vision domain [13,16–18]. They have also been used in Informa-
tion Retrieval [34] and Recommender Systems, the most notable example being
Collaborative Filtering GAN (CFGAN) [4], and the family of models based on
it, such as TagRec [5], CRGAN [35], MTPR [36,37].

This work contributes to the trend of evaluation studies in Machine Learning,
Information Retrieval, and Recommender Systems domains [10,11,21,22,38].
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This work discusses the implications of certain differences between the CFGAN
framework and the model that was used in the experimental evaluation, which
would adversely affect its learning ability, providing a reference for future works.
In particular, the generator is left prone to reach a degenerate solution and
behave as a simple autoencoder, therefore, belonging to the same family of pre-
vious recommendation models such as [28,32]. This discussion is based on the
findings of [23], which highlights the importance of describing not only how a
model works, but also what works and why it works, as well as how experimental
inquiries that aim to deepen our understanding are valuable research contribu-
tions even when no new algorithm is proposed. Furthermore, this work analyzes
the replicability, reproducibility, and recommendation quality of CFGAN [4] as
well as its numerical stability which is known to be a challenge for GANs [9,25].
The main research questions of this work are:

RQ1: Is CFGAN replicable and numerically stable? i.e., does CFGAN achieve
the claimed results using the same experimental setup as in [4]?

RQ2: What is the impact of the differences between the CFGAN framework and
the model used for the evaluation in [4], and why do they raise theoretical
and methodological concerns regarding the learning ability of the model?

RQ3: Is CFGAN reproducible, achieving the claimed recommendation quality
when compared to properly-tuned baselines? How does CFGAN compare
along other dimensions such as beyond-accuracy and scalability metrics?

2 Collaborative Filtering Generative Adversarial
Networks

GANs have been successfully applied to numerous prediction and classification
tasks. This work addresses a family of generative models originated from GANs
used in Recommender Systems. Briefly, a GAN1 consists of two neural networks
that are trained together in an adversarial setting until they reach convergence.
The first neural network is called the generator, denoted as G, while the second
network is called the discriminator, denoted as D [3,8,13,14]. CFGAN2 is the
most notable GAN recommendation algorithm [5,37]. Its main attribute is that
it generates personalized user or item profiles, mainly by solely using previous
interactions, but is able to learn from sources of information as well [4].

CFGAN Training Process. Figure 1 shows an illustration of the training
process of CFGAN. Every epoch starts by feeding the generator G with ran-
dom noise z and a condition vector c. The generator creates preferences of users
towards items (or vice versa) which are then masked (see Masking). The discrim-
inator D then receives the real profiles, the masked profiles, and the condition.
The discriminator tells the probability that each masked and real profiles come

1 The supplemental material [29] contains the formal formulation of GANs.
2 For a detailed explanation of CFGAN we refer the reader to the reference article [4].
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from the real data. The discriminator is updated based on how well it is able to
correctly distinguish fake data from real data. The generator is updated based
on how much it could generate fake but realistic data.

Fig. 1. Training process of CFGAN. G, D, z and c are the generator network, discrim-
inator network, random noise, and condition vectors, respectively. Real profiles are not
masked.

Modes. CFGAN has two modes: user-based (u) or item-based (i). The first
learns to generate user profiles, while the second learns to generate item profiles.

Masking. CFGAN applies a mask to the generated profiles by performing an
element-wise product between these and the real profiles. If the variant is Partial
Masking, then the mask changes (see Variants).

Architecture. Both the generator and discriminator of CFGAN are fully con-
nected feed-forward neural networks independent from each other where each
has its own hyper-parameters, e.g., number of hidden layers, learning rate, reg-
ularization, and others. If the mode is user-based, then the number of input
neurons is the number of items in the dataset. Conversely, the number of input
neurons for an item-based CFGAN is the number of users in the dataset.

Recommendations. In a top-N item recommendation scenario, the trained
generator creates user profiles containing the preference scores of users toward
items. Recommendations are built by ranking the items from the highest to
lowest score and selecting the top-N.
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Variants. CFGAN has three variants:

– Zero Reconstruction (ZR): Changes the loss function of the generator. It
ensures that a sample of non-interacted items are given zero-weights in the
generated profiles.

– Partial Masking (PM): The mask applied to the generated profiles combines
the user profile and randomly-chosen unseen items.

– Zero Reconstruction and Partial Masking (ZP): Combines ZR and PM.

3 CFGAN Theoretical and Methodological Questions

This work highlights key differences between the initial description of CFGAN
and the model used in the experimental evaluation of that same paper [4]. These
differences were not discussed in the original paper but have significant implica-
tions on the model’s ability to learn user or item preferences.

3.1 Real Profiles as Condition Vectors

What Raises Concerns? In the experimental evaluation of CFGAN, the con-
dition vector provided to both the generator and the discriminator is the real
user/item profile, i.e., the interactions that CFGAN is learning to generate.

Why Is It a Concern? As a consequence, CFGAN is prone to generate a
trivial solution. The generator could learn the identity function between the
condition vector and the output, therefore easily deceiving the discriminator
without learning to generate new profiles. On the other hand, the discriminator
could learn that the generated user profile should be identical to the condition
vector to be real, again learning a trivial function. In practice, this will push the
generator to behave as an autoencoder [20], which reconstructs as output the
same input (condition) it was provided with.

How to Avoid This Concern? Since the condition vector can contain any
information, a simple strategy would be to use other feature data related to the
items or users or other contextual information. In a pure collaborative recom-
mendations scenario, where no features or context is available, a possible strategy
is to change the condition vector to be the user/item classes (i.e., unique iden-
tifiers) depending on the CFGAN mode. This decision is aligned with previous
works on GANs [26]. In Recommender Systems, using the user/item classes pro-
vides a mechanism to generate personalized recommendations to every user. In
contrast to the original CFGAN reference, using the user/item classes excludes
the possibility that the generator and discriminator learn a trivial solution.

3.2 No Random Noise

What Raises Concerns? The reference article states that the random noise
is not provided as input to the generator in its experiments because the goal is
to generate the single best recommendation list rather than multiple ones.
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Why Is It a Concern? This violates the framework defined in the same article
and the design principles of GANs. In practice, discarding noise is problematic
because it drastically reduces the input space and the generator will be trained
on a very sparse set of user profiles. This assumes that the user profiles will
not change, which will make CFGAN non-robust in a real application where
the data change rapidly. This is known as the dataset shift problem. Since the
data change over time as new interactions are collected, and models are not
continuously retrained, models should be robust to and be able to use the new
data that was not present during training [27,30].

How to Avoid This Concern? Feed the generator with a random noise vector
z and the condition vector c. z is drawn from a normal distribution with zero
mean and unit variance, i.e., z ∼ N (μ, σ2) where μ = 0 and σ2 = 1 as suggested
by other works [13,26]. The size of z is a key element while training GANs.
However, previous works do not have consensus concerning the size of z [8].
We use a heuristic to set the size of the random vector and try different values
depending on the number of input neurons: 50%, 100%, or 200% of them. In
practice, the condition c and the random vector z are concatenated, and this
new vector becomes the input to the first layer of the generator network.

3.3 Methodological Questions

What Raises Concerns? The CFGAN description does not state how to
choose the number of training epochs nor the stopping criterion for the training
phase.

Why Is It a Concern? The number of training epochs and the stopping
criterion are two key methodological aspects for most machine learning models.
With the current GAN formulation, these two are defined by hand instead of
automatically chosen by the continuous evaluation of GAN, which might lead to a
non-optimal model, misuse of computational resources, and negatively affect the
published results’ replicability. There are well-known objective ways to measure
the recommendation quality in offline scenarios without human intervention in
the Recommender Systems domain, e.g., with accuracy metrics.

How to Avoid This Concern? Use an early-stopping mechanism based on
the one used in previous works for other machine learning recommenders, such
as matrix factorization or linear regression [10,11]. An early-stopping mechanism
periodically evaluates CFGAN on validation data while CFGAN is being trained
on train data. The training stops when the CFGAN quality does not improve
over the best evaluation for a fixed number of evaluations.
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4 Experimental Methodology

The experiments, results, and discussion are based on one of the following two
experiments: (i) execution of the source code provided in the CFGAN refer-
ence article as-is to assess the result replicability; (ii) hyper-parameter tuning of
different recommenders using a well-known evaluation framework to study the
reproducibility of the results and evaluate along different dimensions (see [10,11])
The source code of the experiments is available online3.

Datasets. The experiments use the same datasets4 (a sub-sampled version of
Ciao5 [4,33], ML100K [15], and ML1M [15]) and splits (train and test) provided
with the CFGAN reference article [4]. For scenarios that required a validation
split, we created one by applying the same strategy as the reference: random
holdout at 80% of the train split. Given the modest size of these datasets, all
experiments are done on the CPU.

Technologies. The implementation of all experiments, is based on the evalu-
ation framework published in [10], which includes the implementation of some
simple yet competitive state-of-the-art baselines for Recommender Systems. For
the replication study, the original implementation has been used as provided.
For the reproducibility study and the other experiments, the original CFGAN
source code has been adapted to the framework with no changes to the core
algorithm.

4.1 Methodology for the Replicability of CFGAN

The original CFGAN source code includes the implementation of CFGAN and its
training loop using a fixed set of hyper-parameters that are dataset-dependent.
The training procedure is the following: it fits a CFGAN recommender using the
train split of the selected dataset and evaluates the recommender using the test
split. With respect to the evaluation metrics, this source code evaluates CFGAN
on accuracy metrics: precision (PREC), recall (REC), Mean Reciprocal Rank
(MRR), and Normalized Discounted Cumulative Gain (NDCG) at recommen-
dation list length 5 and 20. The limitations of this source code are the lack of
the implementation of the baselines and the hyper-parameter tuning of all rec-
ommenders, e.g., baselines and CFGAN. Due to this, the replication study is
only possible for CFGAN.

3 https://github.com/recsyspolimi/ecir-2022-an-evaluation-of-GAN-for-CF and [29].
4 The Watcha [4] dataset was not provided with the reference article.
5 The reference article does not provide instructions to reproduce this version of the

dataset. We contacted the authors for clarifications but did not receive a reply.

https://github.com/recsyspolimi/ecir-2022-an-evaluation-of-GAN-for-CF
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4.2 Methodology for the Reproducibility of CFGAN

The reproducibility study expands the original CFGAN evaluation by including:
(i) new baselines that were shown to provide high recommendation quality; (ii)
a well-defined hyper-parameter optimization strategy; (iii) a well-defined early-
stopping strategy; and (iv) a comparison against accuracy, beyond-accuracy, and
scalability metrics.

In particular, the goal of (i) and (ii) is to assess the recommendation quality of
CFGAN against a wider set of recommendation models which are properly tuned
under the same conditions. The models we report range from non-personalized,
neighborhood-based, and non-neural machine learning approaches. This decision
is aligned with results obtained by previous evaluation studies in the domain
[10,11]. Regarding the hyper-parameter optimization of CFGAN, it should be
noted that the search-space described in the reference article, considering that
it is done using a grid-search, contains more than 3 · 108 cases, which cannot
be reproduced in a reasonable time. Due to this, this work adopts a different
optimization strategy: Bayesian Search as used in [10]. The hyper-parameter
ranges and distributions of CFGAN are reported in Table 1. The Bayesian Search
starts with 16 initial random searches and performs a total of 50 cases for each
algorithm. Each model in this search is fit with the train split and evaluated
against the validation one. The best hyper-parameters are chosen as those with
the highest NDCG at 10. Once the optimal hyper-parameters set is chosen, it
trains the final models using this set and the union of the train and validation
splits, evaluating the final models against the test set.

Evaluation Metrics. Recommenders are evaluated using the original accuracy
metrics (PREC, REC, MRR, and NDCG) and against the following beyond-
accuracy metrics: novelty [39], item coverage (Cov. Item, quota of recommended
items), and distributional diversity (Div. MIL [39] and Div. Gini [1]). Using these
new metrics provides a broader picture of the quality of all recommenders.

Baselines. Due to space limitations, this work provides only a list of baseline
recommenders. A thorough description of all baselines, and the list, range and
distribution of their hyper-parameters are in [10]. The baselines list is the fol-
lowing: Top Popular [10] as a non-personalized approach. UserKNN CF and
ItemKNN CF [10] as neighborhood-based CF (similarities: cosine, dice, jac-
card, asymmetric cosine, and tversky) and shrinkage term. RP3beta [6] as a
graph-based approach. PureSVD [7] and MF BPR [31] as matrix factoriza-
tion models. SLIM ElasticNet [10,28] as a machine learning approach. Lastly,
EASE R as a fast linear autoencoder [32].

CFGAN Recommenders. The hyper-parameter tuning is done on a total of
18 different CFGAN models: three datasets (Ciao, ML100K, and ML1M), two
modes (item-based i and user-based u), and three variants (ZR, PM, and ZP).



678 F. B. Pérez Maurera et al.

To ensure a clear stopping criteria and a fair training for CFGAN, it is
trained using the early-stopping criteria defined in [10] and presented in Sect. 3.
The number of minimum and maximum epochs is in Table 1. The early-stopping
selects the best number of epochs by using the validation data. The optimal
number of epochs is used to train the final model. We recall that the original
description of CFGAN does not provide an early-stopping mechanism.

Table 1 lists all hyper-parameters of CFGAN, where hyper-parameters like
optimizer, activation are left unchanged with respect to the reference article.
Apart from the number of training epochs, the optimizer, and activation, the
rest of the hyper-parameters are set by the Bayesian Search.

Table 1. Hyper-parameters for CFGAN. These are divided in two groups. The first
group contains specific hyper-parameters of CFGAN. The second group are hyper-
parameters of the generator and discriminator neural networks, values between net-
works can be different.

Hyper-Parameter Type Range Distribution

# of Epochs Integer 200−400a early-stopping

ZR Coefficient Real 0−1 uniform

ZR Ratio Integer 10−90 uniform

PM Ratio Integer 10−90 uniform

# of Hidden Layers Integer 1−4 uniform

# of Hidden Features Integer 50−300 uniform

# of Steps Integer 1−4 uniform

l2 Regularization Real 1 · 10−4−1 · 10−1 log-uniform

Learning Rate Real 1 · 10−4−5 · 10−3 log-uniform

Batch Size Integer 32−256 uniform

Optimizer Categorical ADAM [19] –

Activation Categorical sigmoid –
aDue to how the training is performed, this range is close to the 1.000
and 1.500 epochs used in the reference article

5 Experiments Results and Discussion

5.1 RQ1: CFGAN Replicability and Numerical Stability

To address RQ1, we report the results of the replication study, as described
in Sect. 4.1, by using the original source code and data. This experiment has
two goals: (i) verify that published results are replicable; and (ii) measure the
numerical stability of CFGAN given the stochastic nature of its architecture
[9,25].

Table 2 shows the results of the experiment, we only report two metrics due
to space limitations6. The results reported in the reference article are denoted as
6 A table with all metrics is available in the supplemental materials of this work.



An Evaluation of GANs for Collaborative Filtering 679

Table 2. Comparison between the accuracy metrics in the reference article [4] and
those obtained in the replicability experiment (see Section 5.1) at recommendation
list length of 20. Statistics calculated over 30 executions, evaluating on the last epoch
using recommendation lists of length 20. We consistently obtain lower results across
the three datasets on average. For the Ciao dataset, the original source code trains a
different variant (in bold) than the reported in the reference article.

Dataset Variant Stats PREC NDCG

Ciao iZR Mean ± Std 0.0402 ± 0.0014 0.1135 ± 0.0038

iZP Reference [4] 0.0450 0.1240

ML100K iZP Mean ± Std 0.2851 ± 0.0025 0.4207 ± 0.0048

iZP Reference [4] 0.2940 0.4330

ML1M iZP Mean ± Std 0.3079 ± 0.0011 0.4035 ± 0.0016

iZP Reference [4] 0.3090 0.4060

Reference. Due to the stochastic nature of CFGAN models, we do not expect to
achieve exact numerical replicability. For all datasets, we see that the replicated
results are lower than those reported in the reference article. For the ML1M
dataset, the difference between the average and reported NDCG is −0.62%. On
the smaller ML100K, the results are more varied: −2.84% between the average
and reported NDCG. For the Ciao dataset, the results could not be replicated due
to two factors: (i) the original source code trained a different variant (iZR) than
the reported in the reference article (iZP); and (ii) lack of reproducible hyper-
parameters sets for this dataset in the reference article. Lastly, with respect
to the numerical stability, under 30 executions of this replication, the results
indicate that the reference implementation of CFGAN is numerically stable.

5.2 RQ2: Impact of Theoretical and Methodological Concerns

This section reports the results of the experiments related to RQ2, those used
to measure the impact of the theoretical and methodological concerns raised
in Sect. 3. Table 3 compares the results of the reference CFGAN (denoted as
Reference), the models tuned in Sect. 5.3 (presented in Table 4), and the variants
of this experiment.

Impact of Random Noise. As seen in Sect. 2, CFGAN receives random noise
as part of its input. However, in the experiments of the reference article, the ran-
dom noise is removed. This experiment included three different sizes of random
noise. The results indicate that the recommendation quality improves slightly by
removing the random noise, however, as stated in Sect. 3, it comes at the cost of
risking lower generalizability and lower robustness of the generator in a practi-
cal use case. We argue the random noise should always be present. However, we
recall that doing an exhaustive analysis of the impact of random noise in GAN
and CFGAN is beyond the scope of this paper.
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Table 3. Accuracy and beyond-accuracy values for different CFGAN models for the
ML1M dataset at recommendation list length of 20. The suffix Reference is the model in
the reference article (where − denotes non published values). The suffix ES indicates
that the model uses early-stopping (see Table 4), NO-ES indicates it does not. The
suffix CC indicates that the model uses the user/item class as the condition vector. The
suffix RN-X means that the model uses random noise of size X. Hyper-parameter sets
of variants are chosen as described in Section 4.2 except for those with the Reference
suffix.

Variant PREC NDCG Cov.

Item

Variant PREC NDCG Cov.

Item

iZP Reference [4] 0.3090 0.4060 − uZP Reference [4] − − −
iZP ES 0.2407 0.2972 0.4894 uZP ES 0.2764 0.3620 0.1833

iZP NO-ES 0.2494 0.3111 0.4041 uZP NO-ES 0.2797 0.3639 0.1882

iZP CC 0.0384 0.0507 0.0296 uZP CC 0.0916 0.1106 0.0231

iZP RN-3020 0.2059 0.2475 0.3995 uZP RN-1841 0.2737 0.3591 0.1841

iZP RN-6040 0.1683 0.2000 0.4663 uZP RN-3682 0.2781 0.3651 0.1839

iZP RN-12080 0.1304 0.1471 0.5076 uZP RN-7364 0.2759 0.3626 0.1955

Impact of Condition Vector. Similarly as before, in the experiments of the
reference article, the condition vector is set to be the user/item profiles, which
increases the risk of reaching a trivial solution. This experiment changed the
condition vector to be the user/item classes. The results show that changing
the condition vector with the current CFGAN architecture dramatically lowers
the model’s ability to learn to generate accurate profiles. This constitutes a
negative result, as that the current architecture does not appear to be suitable to
handle the user/item classes as the condition vector. Identifying an appropriate
architecture to do so and an appropriate condition vector to use in scenarios
where only past user interactions are available is an open research question that
goes beyond the scope of this paper.

Impact of Early-Stopping. The reference article does not provide an early-
stopping mechanism for CFGAN, although models in Recommender Systems
typically benefit from one, as discussed in Sect. 3. This experiment removed
the early-stopping and set the maximum number of epochs as 400 (this is the
maximum number of epochs set for the early-stopping as seen in Table 1). Results
show that using early-stopping slightly decreases the recommendation quality of
CFGAN, however, we argue that the benefits of using it outweigh the downsides
of it, especially if scalability is taken into account. For instance, the iZP variant
trains on 645 and 1200 epochs with and without early-stopping, respectively,
i.e., a decrease of 46.25% in training time and 4.47% in NDCG.
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Table 4. Accuracy and beyond-accuracy metrics for tuned baselines and CFGAN on
the ML1M dataset at recommendation list length of 20. Higher accuracy values than
CFGAN models reached by baselines in bold. ItemKNN and UserKNN use asymmetric
cosine. CFGAN results are different than Table 2 due to the hyper-parameter tuning.
CFGAN models use early-stopping.

PREC REC MRR NDCG Novelty Cov.

Item

Div.

MIL

Div.

Gini

Random 0.0099 0.0056 0.0326 0.0108 0.0732 1.0000 0.9946 0.8977

TopPop 0.1552 0.1146 0.3852 0.1938 0.0473 0.0299 0.4529 0.0095

UserKNN CF 0.2891 0.2570 0.6595 0.3888 0.0513 0.3286 0.8921 0.0655

ItemKNN CF 0.2600 0.2196 0.6254 0.3490 0.0497 0.2097 0.8148 0.0362

RP3beta 0.2758 0.2385 0.6425 0.3700 0.0506 0.3427 0.8565 0.0528

PureSVD 0.2913 0.2421 0.6333 0.3783 0.0516 0.2439 0.9142 0.0712

SLIM ElasticNet 0.3119 0.2695 0.6724 0.4123 0.0514 0.3153 0.8984 0.0696

MF BPR 0.2485 0.2103 0.5753 0.3242 0.0512 0.3126 0.8855 0.0631

EASE R 0.3171 0.2763 0.6795 0.4192 0.0518 0.3338 0.9146 0.0803

CFGAN iZR 0.2862 0.2547 0.6312 0.3770 0.0542 0.4123 0.9583 0.1459

CFGAN iPM 0.2505 0.1950 0.5454 0.3138 0.0523 0.3669 0.9218 0.0901

CFGAN iZP 0.2407 0.1742 0.5230 0.2972 0.0530 0.4894 0.9256 0.0901

CFGAN uZR 0.2955 0.2473 0.6222 0.3799 0.0523 0.2167 0.9205 0.0837

CFGAN uPM 0.2367 0.1928 0.5513 0.3054 0.0516 0.1782 0.8962 0.0550

CFGAN uZP 0.2764 0.2342 0.6208 0.3620 0.0513 0.1833 0.9062 0.0617

5.3 RQ3: Reproducibility Evaluation Against Properly Tuned
Baselines

To address RQ3, we report the recommendation quality of CFGAN and baseline
recommenders using a Bayesian hyper-parameter tuning approach, as described
in Sect. 4.2. The goal is to evaluate [4] on the same top-N recommendation sce-
nario of the reference paper against a set of properly tuned baselines on accuracy
and beyond-accuracy metrics and study if published results are reproducible.

Table 4 shows the results of accuracy and beyond-accuracy metrics of prop-
erly tuned recommenders. Due to space constraints, the focus of this discussion
is on the dataset with the highest number of interactions studied in the reference
article [4], i.e., ML1M. Results with other datasets are comparable7.

The results indicate that CFGAN is outperformed by three simple baselines
in NDCG, sometimes by almost 10%, in particular by other autoencoder-based
recommendation models like EASE R and SLIM Elastic Net. These findings
are consistent to those reported in several other evaluation studies [2,10–12,24].
The accuracy across CFGAN models varies depending on the CFGAN mode
and variant. For instance, the most and least accurate variants are uZR and
iZP, respectively, with approximately 21.76% difference in their NDCG metrics.
Under the current methodology, we cannot confirm the claim that item-based
models or ZP variants outperform other variants, as indicated in the reference

7 The full results are in the supplemental material [29].
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article [4]. In fact, our most accurate variant is uZR. When looking at beyond-
accuracy metrics, item-based CFGAN models have equal or higher diversity than
baselines. In particular, iZR has the highest novelty, item coverage, and distribu-
tional diversity, while also being the second-most accurate variant with respect
to NDCG. User-based CFGAN models have less coverage than all baselines.

It can be seen that the results of the replicability study using hyper-
parameter optimization and early-stopping reported in Table 4 are lower than
those reported in the replication study in Table 2. This indicates that the non-
reproducible hyper-parameter search and early-stopping criteria have an impor-
tant impact on the recommendation quality. As a last observation, using the
results reported in the reference article CFGAN would not be competitive against
the baselines.

Scalability. Concerning the recommendation time, all algorithms are able to
create recommendations lists to all users in a total time between 7 and 20 s. Dif-
ferently from other neural models [10], CFGAN models provide fast recommen-
dations. Due to the lack of random noise, they generate static recommendation
lists.

Concerning the training time, CFGAN models take more time to train than
any baseline. We categorize models into three groups: (i) ItemKNN, UserKNN,
PureSVD, RP3beta, and EASE R take between 2 and 25 s on average; (ii)
machine learning approaches, i.e., SLIM and MF BPR take between 3 and 9 min
to train on average; and (iii) all CFGAN models take between 25 and 40 min to
train on average. Even on a comparatively small dataset as ML1M, the difference
in training time between the first and the last group is two orders of magnitude.
Using more performing hardware, i.e., GPU could reduce this gap.

Under this offline evaluation, which is the same as in the original article [4],
CFGAN does not generate more accurate recommendations than simple base-
lines. As CFGAN is a neural approach, bigger datasets with more complex rela-
tions between users, items, and their interactions might increase the accuracy of
CFGAN. However, this is unpractical due to the higher computational cost of
CFGAN models, therefore, we do not report experiments with bigger datasets.

6 Conclusions

This work presents an evaluation study of the family of models of CFGAN,
addressing three research questions under the same top-N recommendation sce-
nario as the reference article [4]. Are previously published results of CFGAN
replicable? What is the impact of the differences between the CFGAN frame-
work and the model evaluated in the reference article? Are previously published
results of CFGAN reproducible? Regarding the model’s architecture, using as
condition vector the user profile and removing the random noise leaves the model
prone to a trivial and not useful solution in which the generator behaves as a
simple autoencoder, negatively affecting the model’s ability to generalize. Due
to this, we argue a different approach should be used, which is still an open
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research question. The experimental results indicate that CFGAN is replicable
and numerically stable, but not reproducible as it can be outperformed by sim-
ple but properly tuned baselines. This result adds to the recent evidence that
properly tuned baselines can outperform complex methods and suggest CFGAN
is not yet a mature recommendation algorithm.
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