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ABSTRACT
A large catalogue size is one of the central challenges in training

recommendationmodels: a large number of itemsmakes themmem-

ory and computationally inefficient to compute scores for all items

during training, forcing these models to deploy negative sampling.

However, negative sampling increases the proportion of positive

interactions in the training data, and therefore models trained with

negative sampling tend to overestimate the probabilities of positive

interactions – a phenomenon we call overconfidence. While the ab-

solute values of the predicted scores/probabilities are not important

for the ranking of retrieved recommendations, overconfident mod-

els may fail to estimate nuanced differences in the top-ranked items,

resulting in degraded performance. In this paper, we show that over-

confidence explains why the popular SASRec model underperforms

when compared to BERT4Rec. This is contrary to the BERT4Rec

authors’ explanation that the difference in performance is due to the

bi-directional attention mechanism. To mitigate overconfidence, we

propose a novel Generalised Binary Cross-Entropy Loss function

(gBCE) and theoretically prove that it can mitigate overconfidence.

We further propose the gSASRec model, an improvement over SAS-

Rec that deploys an increased number of negatives and the gBCE

loss. We show through detailed experiments on three datasets that

gSASRec does not exhibit the overconfidence problem. As a re-

sult, gSASRec can outperform BERT4Rec (e.g. +9.47% NDCG on

the MovieLens-1M dataset), while requiring less training time (e.g.

-73% training time on MovieLens-1M). Moreover, in contrast to

BERT4Rec, gSASRec is suitable for large datasets that contain more

than 1 million items.

CCS CONCEPTS
• Information systems→ Recommender systems; • Theory
of computation → Machine learning theory; • Computing
methodologies→ Neural networks.

ACM Reference Format:
Aleksandr Petrov and Craig Macdonald. 2023. gSASRec: Reducing Overcon-

fidence in Sequential Recommendation Trained with Negative Sampling. In

Seventeenth ACM Conference on Recommender Systems (RecSys ’23), Septem-
ber 18–22, 2023, Singapore, Singapore. ACM, New York, NY, USA, 13 pages.

https://doi.org/10.1145/3604915.3608783

RecSys ’23, September 18–22, 2023, Singapore, Singapore
© 2023 Copyright held by the owner/author(s). Publication rights licensed to ACM.

This is the author’s version of the work. It is posted here for your personal use. Not

for redistribution. The definitive Version of Record was published in Seventeenth ACM
Conference on Recommender Systems (RecSys ’23), September 18–22, 2023, Singapore,
Singapore, https://doi.org/10.1145/3604915.3608783.

1 INTRODUCTION
Sequential Recommender Systems is a class of recommender systems

that take into account the order of user-item interactions and aim to

predict the next item in a sequence. Taking order into account is im-

portant in many recommendation scenarios – for example, if a user

just bought a mobile phone, then the next purchase is likely to be an

accessory for this phone, and hence it makes sense to recommend

such accessories to the user. Recently, models based on architec-

tures developed for natural language modelling (particularly using

Transformers [38]) have achieved state-of-the-art performance in

sequential recommendation [17, 24–26, 29, 36]. The success of these

language model architectures for sequential recommendation is ex-

plained by the similarities betweenmodelling sequences of words in

texts and modelling sequences of user-item interactions. However,

a direct adaptation of language model architectures for sequential

recommendation can be problematic because the number of items

in the system catalogue can be much larger than the corresponding

vocabulary size of the language models. For example, YouTube has a

catalogue ofmore than 800million videos
1
. In practice, a direct adap-

tation of language models with catalogue sizes exceeding 1 million

items is computationally prohibitive [24, 26]. Indeed, comparedwith

traditional matrix factorisation models that compute one score dis-

tribution per user, sequential recommendation models are usually

trained to predict scores for each position in the sequence, meaning

that the model has to generate 𝑆 ∗𝑁 scores per sequence, where 𝑆 is

the sequence length, and 𝑁 is the size of the catalogue. For example,

to train a sequential recommendation model with 64 sequences of

200 items per batch, having 1M items, would require 51GB GPU

memory without accounting for the training gradients. Factoring in

the gradients and model weights increase this to more than 100Gb,

thereby exceeding consumer-grade GPU capacities.

A typical solution for this training problem is negative sampling:
the models are trained on all positive interactions (the user-item
interactions present in the training set) but only sample a very

small fraction of negative interactions (all other possible but un-
seen user-item interactions). Negative sampling is known to be

one of the central challenges [30] in training recommender sys-

tems: it increases the proportion of positive samples in the training

data distribution, and therefore models learn to overestimate the

probabilities of future user-item interactions. We describe this phe-

nomenon as overconfidence. While the magnitude of retrieval scores

is typically non-important for the ranking of items, overconfidence

is problematic because models frequently fail to focus on nuanced

variations in the highly-scored items and focus on distinguishing

top vs. bottom items instead. Another problem caused by over-

confidence is more specific to models trained with the popular

1
https://earthweb.com/how-many-videos-are-on-youtube/
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Binary Cross-Entropy loss: if an item 𝑖 with high predicted prob-

ability 𝑝𝑖 is sampled as a negative, log(1 − 𝑝𝑖 ) calculated by the

loss function tends to −infinity, causing numerical overflows and

unstable training. Overall, we argue that overconfidence hinders

model effectiveness and makes model training hard.

Although overconfidence is a general problem applicable to all
recommender systems trained with negative sampling, in this pa-

per, we focus specifically on sequential recommender systems, for

which negative sampling is specifically important, due to the large

GPU memory requirement discussed above. Indeed, as we show in

this paper, the use of negative sampling leads to overconfidence

in the popular SASRec [17] sequential recommendation model.

Existing solutions that can address overconfidence induced by neg-

ative sampling in recommender systems (e.g. [31, 44]) are hard

to adapt to deep learning-based sequential recommender models

(see also Section 2.1). Hence, the overconfidence issue present in

negatively-sampled sequential recommendation models remains

largely unsolved. Indeed, the state-of-the-art BERT4Rec [36] model

does not use negative sampling and, therefore, cannot be applied

to datasets with large catalogues.
2

Hence, to address the overconfidence issue in the sequential

recommendation, we introduce a novel Generalised Binary Cross-

Entropy loss (gBCE) – a generalisation of BCE loss using a gener-

alised logistic sigmoid function [28, 34]. We further propose the

Generalised SASRec model (gSASRec) – an enhanced version of

SASRec [17] trained with more negative samples and gBCE. The-

oretically, we prove that gSASRec can avoid overconfidence even

when trained with negative sampling (see Theorem 5.1). Our the-

oretical analysis aligns with an empirical evaluation of gSASRec

on three datasets (Steam, MovieLens-1M, and Gowalla), demon-

strating the benefits of having more negatives and the gBCE loss

during training. On smaller datasets (Steam and MovieLens-1M),

the combination of these improvements significantly outperforms

BERT4Rec’s performance on MovieLens-1M (+9.47% NDCG@10)

and achieves comparable results on Steam (-1.46% NDCG@10, not

significant), while requiring much less time to converge. Addition-

ally, gBCE shows benefits when used with BERT4Rec trained with

negative samples (+7.2% NDCG@10 compared with BCE Loss on

MovieLens-1M with 4 negatives). On the Gowalla dataset, where

BERT4Rec training is infeasible due to large catalogue size [24, 26],

we obtain substantial improvements over the regular SASRec model

(+47% NDCG@10, statistically significant). Although this paper fo-

cuses on sequential recommendation, our proposed methods and

theory could be applicable to other research areas, such as rec-

ommender systems (beyond sequential recommendation), search

systems, or natural language processing.

In short, our contributions can be summarised as follows: (i)

we define overconfidence through a probabilistic interpretation of

sequential recommendation; (ii) we show (theoretically and empir-

ically) that SASRec is prone to overconfidence due to its negative

sampling; (iii) we propose gBCE loss and theoretically prove that it

can mitigate the overconfidence problem; (iv) we use gBCE to train

2
By BERT4Rec, we refer to the model architecture, the training task and the loss func-

tion. As we show in Section 6.2.1, while it is possible to train BERT4Rec’s architecture

while using negative sampling, doing so negatively impacts the model’s effectiveness.

gSASRec and show that it exhibits better (on MovieLens-1M) or sim-

ilar (on Steam) effectiveness to BERT4Rec, while both requiring less

training time, and also being suitable for training on large datasets.

The rest of this paper is as follows: Section 2 provides an overview

of related work; Section 3 formalises sequential recommendation

and the typically used loss functions; we describe the problem of

overconfidence in Section 4; in Section 5 we introduce gBCE and

theoretically analyse its properties, before defining gSASRec; Sec-

tion 6 experimentally analyses the impact of negative sampling in

SASRec, BERT4Rec and gSASRec; Section 7 provides concluding

remarks.

2 RELATEDWORK
In this section we discuss existing work related to negative sam-

pling in recommender systems. We review existing approaches for

traditional (Matrix Factorisation-based) recommender systems in

Section 2.1 and discuss why they are hard to apply for sequential

recommendation. We then discuss training objectives and positive

sampling strategies in Section 2.2 and show that this is an orthogo-

nal research direction to negative sampling. Section 2.3 positions

our work viz. the orthogonal direction of contrastive learning. Fi-

nally, in Section 2.4, we discuss how similar problems are solved

in language models and why these solutions are not applicable to

recommendations.

2.1 Negative Sampling Heuristics: Hard
Negatives, Informative Samples, Popularity
Sampling

One of the first attempts to train recommender systems with neg-

ative sampling was Bayesian Personalised Rank (BPR) [32]. The

authors of BPR observed that models tend to predict scores close

to exactly one for positive items in the training data (a form of

overconfidence) and proposed to sample one negative item for each

positive item and optimise the relative order of these items, instead

of the absolute probability of each item to be positive. However, as

Rendle (the first author of BPR) has recently shown [30], BPR opti-

mises the Area Under Curve (AUC) metric, which is not top-heavy

and is therefore not most effective for a ranking task. Hence, sev-

eral improvements over BPR, such as WARP [40], LambdaRank [2],

LambdaFM [44], and adaptive item sampling [31] have since been

proposed to make negatively-sampled recommender models more

suitable for top-heavy ranking tasks. These approaches usually

try to mine the most informative (or hard) negative samples that

erroneously have high scores and therefore are ranked high. Unfor-

tunately, these approaches mostly rely on iterative or sorting-based

sampling techniques that are not well-suited for neural network-

based approaches used by sequential recommendation models: neu-

ral models are usually trained on GPUs, which allow efficient paral-

lelised computing, but perform poorly with such iterative methods.

Indeed, Chen et al. [4] recently proposed an iterative sampling pro-

cedure for sequential recommendation, but only experimented with

smaller datasets (<30k items) where state-of-the-art results can be

achieved without sampling at all (see also Section 6.2.1). Instead,

sequential recommenders typically rely on simple heuristics such as

uniform random sampling (used by Caser [37] and SASRec [17]) or

do not use negative sampling at all (e.g. BERT4Rec [36]). Pellegrini
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et al. [23] recently proposed to sample negatives according to their

popularity and showed this to be beneficial when the evaluation

metrics are also popularity-sampled. Our initial experiments have

shown that popularity-based sampling is indeed beneficial with

popularity-based evaluation metrics, but not with the full (unsam-

pled) metrics. However, several recent publications [3, 7, 18, 24, 26]

recommend against using sampled metrics, and therefore we avoid

popularity sampling in this paper.

Another heuristic that is popular for search tasks is in-batch
sampling [20, Ch. 5] (e.g. used by GRU4Rec [14]). According to

[30], in-batch sampling is equivalent to popularity-based negative

sampling, and hence we avoid it for the same reason stated above.

Indeed, we focus on uniform sampling – as used by many sequential

recommender systems – and design a solution that helps to counter

the overconfidence of such models caused by uniform sampling.

2.2 Training Objectives
A training objective is the task that the model learns to solve dur-

ing the course of training. Some of the most popular alternative

training objectives for sequential recommendation models include:

sequence continuation, where the model learns to predict one or

several next items in the sequence (used by Caser [37]); sequence
shifting, where the model learns to shift the input sequence by

one element to the left (used by SASRec [17] and NextItNet [45]);

item masking (used by BERT4Rec [36]); recency-based sampling,

where the target items are selected probabilistically with a higher

chance of selecting recent items (used by SASRec-RSS [24, 26]).

Each of these training objectives requires negative interactions in

order to train the model to distinguish them from the positive ones.

Therefore, the negative sampling strategy can be seen as orthogonal

to the training objective. Hence, in this paper, we only focus on

negative sampling, using the classic SASRec model [17], with its

sequence shifting training task, as our "backbone model".

2.3 Contrastive Learning
In this section, we briefly discuss contrastive learning methods,

which have recently been shown to be effective in sequential rec-

ommendation [10, 29, 43, 46]; the main goal of this discussion is

to highlight the orthogonality of these methods to our research.

Contrastive learning methods augment the main training objec-

tive with an auxiliary contrastive objective to help the model to

learn more generic sequence representations. The idea is to gener-

ate several versions of the same sequence (e.g. crop, reverse, add

noise etc.) and add an auxiliary loss function that ensures that

two versions of the same sequence have similar latent representa-

tions while representations of different sequences are located far

away from each other in the latent space. This allows the model

to learn more robust representations of sequences and generalise

better to new sequences. However, these contrastive models still

require regular training objectives and loss functions and, therefore,

also require negative sampling when the catalogue size is large.

Hence, contrastive learning is an orthogonal direction, and auxil-

iary contrastive loss can be used with the methods described in this

paper. However, in Section 6.2.5, we demonstrate that gSASRec can

achieve quality comparable with the best contrastive methods even

without auxiliary training objectives and loss functions.

2.4 Large Vocabularies in Language Models
In Natural Language Processing, the problem aligned to a large

catalogue size is known as the large vocabulary bottleneck. Indeed,
according to Heap’s Law [13], the number of different words in a

text corpus grows with the size of the corpus, reaching hundreds

of billions of words in recent corpora [9], and making computing

scores over all possible words in a corpus problematic. A typical

solution employed by modern deep learning language models is

to useWord Pieces [42], which splits infrequent words into (more

frequent) sub-word groups of characters. This allows to use a vo-

cabulary of relatively small size (e.g. ∼30,000 tokens in BERT [8])

whilst being capable of modelling millions of words by the con-

textualisation of the embedded word piece representations. While

decomposing item ids into sub-items can be used to reduce the item

vocabulary of a recommender [27], the decomposition requires

a more complex two-stage learning process to assign sub-items.

Other techniques have also been proposed to reduce the vocabulary

size by pruning some tokens. For example, some classification mod-

els remove non-discriminating words [1, 35], which in the context

of recommender systems means removing popular items (e.g. if a

movie was watched by most of the users, it is not-discriminating).

However, removing popular items is a bad idea as users are prone

to interact with popular items and recommending popular items

is a strong baseline [16]. Perhaps the most related work to ours is

the Sampled Softmax loss [15], which proposes a mechanism to

approximate the value of a Softmax function using a small number

of negatives. However, Softmax loss is known to be prone to over-

confidence [39]. Indeed, Sampled Softmax loss has recently been

shown to incorrectly estimate the magnitudes of the scores in the

case of recommender systems [41]. Our experiments with Sampled

Softmax loss are aligned with these findings. We discuss Sampled

Softmax loss in detail in Section 3.3 and experimentally evaluate

it in Section 6.2.4. In summary, among the related work, there is no

solution to the overconfidence problem in sequential recommender

systems. Hence, we aim to close this gap and design a solution for

this overconfidence that is suitable for sequential models. In the

next section, we cover the necessary required preliminaries and

then in Section 5, we show that the problem can be solved with the

help of Generalised Binary Cross-Entropy loss.

3 SEQUENTIAL RECOMMENDATION & LOSS
FUNCTIONS

In the following, Section 3.1 describes the SASRec and BERT4Rec

sequential recommendation models, which form the backbone of

this paper. In Section 3.2, we more formally set the sequential

recommendation task as a probabilistic problem and in Section 3.3

discuss loss functions used for training sequential models.

3.1 SASRec and BERT4Rec
Transformer [38]-based models have recently outperformed other

models in Sequential Recommendation [17, 24–26, 29, 36]. Two

of the most popular Transformer-based recommender models are

BERT4rec [36] and SASRec [17]. The key differences between the

models include different attentionmechanism (bi-directional vs. uni-

directional), different training objective (Item Masking vs. Shifted

Sequence), different loss functions (Softmax loss vs. BCE loss), and,



RecSys ’23, September 18–22, 2023, Singapore, Singapore Aleksandr Petrov and Craig Macdonald

importantly, different negative sampling strategies (BERT4Rec does

not use sampling, whereas SASRec samples 1 negative per positive).

BERT4Recwas published one year later compared to SASRec, and

in the original publication [36], Sun et al. demonstrated the superi-

ority of BERT4Rec over SASRec. Petrov and Macdonald confirmed

this superiority in a recent replicability study [25], and observed

that, when fully-converged, BERT4Rec still exhibits state-of-the-art

performance, outperforming many later models.

Sun et al. [36] attributed BERT4Rec’s high effectiveness to its

bi-directional attention mechanism. Contrary to that, our theoret-

ical analysis and experiments show that it should be attributed to

the model overconfidence caused by the negative sampling used

by SASRec (see Section 6.2.1). Indeed, when controlled for negative

sampling, these models perform similarly (e.g. SASRec also exhibits

state-of-the-art performance when trained without negative sam-

pling). Unfortunately, as we argue in Section 1, the large size of

the item catalogue in many real-world systems means that using

negative sampling in the training of such systems is unavoidable,

and therefore these systems can not use models that do not use

sampling, such as BERT4Rec. Our goal hence is to improve SAS-

Rec’s performance (by addressing overconfidence) while retaining

the negative sampling, which is needed for large-scale systems.

We now discuss a probabilistic view of sequential recommenda-

tion, which we use for improving SASRec in Section 5.

3.2 Probabilistic View of Sequential
Recommendation

The goal of a sequential recommender system is to predict the next

item in a sequence of user-item interactions. Formally, given a se-

quence of user-item interactions 𝑢 = {𝑖0, 𝑖1, 𝑖2, ...𝑖𝑛}, where 𝑖𝑘 ∈ 𝐼 ,

the goal of the model is to predict the next user’s interaction 𝑖𝑛+1.
Sequential recommendation is usually cast as a ranking problem,

so predict means to rank items in the catalogue according to their

estimated probability of appearing next in the sequence. We denote

this (prior) probability distribution over all items appearing next in

the sequence after 𝑢 as 𝑃 (𝑖 |𝑢). 𝑃 (𝑖 |𝑢) is not directly observable: the

training data only contains the user’s actual interactions and does

not contain information about the probabilities of any alternative

items not interacted with. We refer to the prior as 𝑃 (𝑖) for simplicity.

Learning to estimate the prior distribution 𝑃 (𝑖) is a hard task

because the model doesn’t have access to it, even during training.

Instead, the model learns to estimate these probabilities, i.e. 𝑝 =

{𝑝1, 𝑝2, ..., 𝑝 |𝐼 | }, by using a posterior distribution 𝑦 (𝑖) = I[𝑖 = 𝑖+],
where 𝑖+ ∈ 𝐼 is a positive interaction selected according to the

training objective (as discussed in Section 2.2). 𝑦 (𝑖) is measured

after the user selected the item, so it always equals 1 for the positive

item 𝑖+ and equals 0 for all other items.

Note that to rank items, models do not have to compute the mod-

elled probabilities 𝑝 explicitly. Instead, models frequently compute

item scores 𝑠 = {𝑠1, 𝑠2, ..., 𝑠 |𝐼 | } and assume that if item 𝑖 is scored

higher than item 𝑗 (𝑠𝑖 > 𝑠 𝑗 ) then item 𝑖 is more likely to appear next

in the sequence than item 𝑗 (𝑝𝑖 > 𝑝 𝑗 ). Whether or not it is possible

to recover modelled item probabilities 𝑝 = {𝑝1, 𝑝2, .., 𝑝 |𝐼 | } from the

scores 𝑠 depends on the loss function used for model training.

We say that a loss function L directly models probabilities 𝑝 , if
there exists a function 𝑓 , which converts scores to probabilities

(𝑝𝑖 = 𝑓 (𝑠𝑖 )) and when the model is trained with L, 𝑝 approximates

the prior distribution 𝑃 (e.g. a model trained with L minimises the

KL divergence between 𝑃 and 𝑝). In the next section, we discuss

the loss functions used by sequential models that directly model

probabilities.

3.3 BCE Loss and Softmax Loss
Two popular loss functions, which directly model probabilities are

Binary Cross-Entropy (BCE) (used by Caser [37] and SASRec [17])

and Softmax loss (used by BERT4Rec [36] and ALBERT4Rec [25]).

Binary Cross-Entropy is a pointwise loss, which treats the rank-

ing problem as a set of independent binary classification problems.

It models the probability with the help of the logistic sigmoid func-
tion 𝜎 (𝑠):

𝑝𝑖 = 𝜎 (𝑠𝑖 ) =
1

1 + 𝑒−𝑠𝑖
(1)

The value of BCE loss is then computed as:

LBCE = − 1

|𝐼 |
∑︁
𝑖∈𝐼

𝑦 (𝑖) log(𝑝𝑖 ) + (1 − 𝑦 (𝑖)) log(1 − 𝑝𝑖 ) (2)

BCE minimises the KL divergence [21, Ch. 5] between the poste-

rior and the modelled distributions, 𝐷𝐾𝐿 (𝑦 (𝑖) | |𝑝𝑖 ), where each of

the probability distributions is treated as a distribution with two

outcomes (i.e. interaction/no interaction). BCE considers each prob-

ability independently, so their sum does not have to add up to 1.

Indeed, as we show in Section 5, when BCE is used with negative

sampling, the model learns to predict probabilities close to 1 for

the most highly-ranked items.

In contrast, Softmax loss treats the ranking problem as a multi-

class classification problem, thereby considering the probability dis-

tribution across all items, obtained by using a softmax(·) operation:

𝑝𝑖 = softmax(𝑠𝑖 ) =
𝑒𝑠𝑖∑
𝑗∈𝐼 𝑒

𝑠 𝑗
(3)

The value of Softmax loss is then computed as:

L𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 = −
∑︁
𝑖∈𝐼

𝑦 (𝑖) log(𝑝𝑖 ) = − log(softmax(𝑠𝑖+ )) (4)

Softmax loss minimises KL divergence [21, Ch. 5] between poste-

rior and modelled distributions 𝐷𝐾𝐿 (𝑦 | |𝑝), where each 𝑦 and 𝑝 are

multi-class probability distributions. In contrast to BCE, the item

probabilities 𝑝𝑖 modelled by Softmax loss add up to 1, meaning

that overconfidence is less prevalent (however, it is still known to

overestimate probabilities of the top-ranked items [39]).

Unfortunately, the softmax(·) operation used by Softmax loss

requires access to all item scores to compute the probabilities (which

makes it more of a listwise loss), whereas if the model is trained with

negative sampling, the scores are only computed for the sampled
items. Thismakes Softmax loss unsuitable for trainingwith negative

sampling. In particular, this means that BERT4Rec, which uses the

Softmax loss, cannot be trained with sampled negatives (without

changing the loss function).

To use Softmax loss with sampled negatives, Jean et al. [15] pro-

posed Sampled Softmax Loss (SSM). SSM approximates probability

𝑝𝑖 from Equation (3) using a subset of 𝑘 negatives 𝐼−
𝑘

⊂ 𝐼− . This
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approximation is then used to derive the loss:

𝑝𝑖 = SSM(𝑠𝑖 , 𝐼−𝑘 ) =
𝑒𝑠𝑖

𝑒𝑠𝑖+ + ∑
𝑗∈𝐼 −

𝑘
𝑒𝑠 𝑗

(5)

L𝑆𝑆𝑀 = −
∑︁

𝑖∈{𝐼 −
𝑘
∪𝑖+ }

𝑦 (𝑖) log(𝑝𝑖 ) = − log(SSM(𝑠𝑖+ )) (6)

The estimated probability value computed with Sampled Softmax

is higher than the probability estimated using full Softmax, as the

denominator in Equation (3) is larger than the denominator in Equa-

tion (5). However, if all high-scored items are included in the sample

𝐼−
𝑘
, the approximation becomes close. To achieve this, Jean et al.

originally proposed a heuristic approach specific to textual data

(they segmented texts into chunks of related text, where each chunk

had only a limited vocabulary size). In the context of sequential

recommender systems, some prior works [23, 45] used variations

of SSM loss with more straightforward sampling strategies, such

as popularity-based or uniform sampling. In this paper, we focus

on the simplest scenario of uniform sampling, and therefore in

our experiments, we use Sampled Softmax loss with uniform sam-

pling. Note that Sampled Softmax Loss normalises probabilities

differently compared to the full Softmax loss, and therefore the

Sampled Softmax loss and the full Softmax loss are different loss

functions. Indeed, as Sampled Softmax uses only a sample of items

in the denominator of Equation (5), the estimated probability of

the positive item 𝑝𝑖 is an overestimation of the actual probability, a

form of overconfidence. Indeed, as mentioned above, Sampled Soft-

max loss fails to estimate probabilities accurately for recommender

systems [41]. Nevertheless, as variations of Sampled Softmax have

been used in sequential recommendations [23, 45], we use Sampled

Softmax loss as a baseline in our experiments (see Section 6.2.4).

In contrast, it is possible to calculate BCE loss over a set of

sampled negatives 𝐼−
𝑘
without modifying the loss itself (except for

a normalisation constant, which does not depend on the item score

and therefore can be omitted), as follows:

LBCE = − 1

|𝐼−
𝑘
| + 1

©«log(𝜎 (𝑠𝑖+ )) +
∑︁
𝑖∈𝐼 −

𝑘

log(1 − 𝜎 (𝑠𝑖 ))ª®¬ (7)

Using BCE with sampled negatives is a popular approach, applied

by models such as SASRec [17] (which uses 1 negative per positive),

and Caser [37] (which uses 3 negatives). Unfortunately, negative

sampling used with Binary Cross-Entropy leads to model overcon-

fidence, which we discuss in the next section.

4 MODEL OVERCONFIDENCE
We say that a model is overconfident in its predictions if its predicted
probabilities 𝑝𝑖 for highly-scored items are much larger compared

to prior probabilities 𝑃 (𝑖), i.e., 𝑝𝑖 ≫ 𝑃 (𝑖). In general, the magnitude

of the relevance estimates are rank-invariant, i.e. do not affect the

ordering of items, and hence they are rarely considered important

when formulating a ranking model. In contrast, overconfidence is

problematic only for the loss functions used to train the models,

particularly when they directly model the interaction probability. In-

deed, for some loss functions (such as pairwise BPR [32] or listwise

LambdaRank [2]), only the difference between the scores of paired
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Figure 1: Predicted probability at different ranks for user 963
in MovieLens-1M. SASRec-SSM is a SASRec model trained
with Sampled Softmax loss with 16 negatives.

items (𝑠𝑖 −𝑠 𝑗 ) is important, and therefore we cannot define overcon-

fidence for these losses. However, these losses usually require algo-

rithms that iteratively select “informative" negative samples, which

are hard to apply with deep learning methods (see also Section 2.1).

As discussed in Section 3.2, the prior probability distribution 𝑃 (𝑖)
cannot be directly observed, and therefore overconfidence may be

hard to detect. However, in some cases, overconfidence may be obvi-

ous. For example, Figure 1 shows predicted probabilities by four dif-

ferentmodels for a sample user in theMovieLens-1M dataset. As can

be seen from the figure, SASRec’s predicted probabilities for items

at positions 1..25 are almost indistinguishable from 1. This is a clear

sign of overconfidence: only one of these items can be the correct

prediction, and therefore we expect the sum of probabilities to be ap-

proximately equal to 1, and not each individual probability. In fact,

in this figure, the sum of all probabilities predicted by SASRec equals

338.03. In contrast, for BERT4Rec, the sum of probabilities equals

exactly 1 (as the probabilities are computed using Softmax) and for

our gSASRec (see Section 5.4) it is equal to 1.06. From the figure, we

also see that a SASRec model trained with Sampled Softmax loss is

also prone to overconfidence (sum of all probabilities equals 152.3).

Overconfidence for highly-ranked items is problematic: themodel

does not learn to distinguish these items from each other (all their

predicted probabilities are approximately equal) and focuses on

distinguishing top items from the bottom ones. The lack of focus

on the top items contradicts our goal: we want the correct order

of highly-ranked items and are not interested in score differences

beyond a certain cutoff. Moreover, overconfidence is specifically

problematic for the BCE loss: if an item with high probability 𝑝𝑖 ≈ 1

is selected as a negative (the chances of such an event are high when

there are many high-scored items), log(1 − 𝑝𝑖 ) computed by the

loss function tends to −∞, causing numerical overflow problems

and a training instability.

Next, we introduce gBCE loss, apply it for a theoretical analy-

sis of BCE’s overconfidence, and show how gBCE mitigates the

overconfidence problem.
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5 GENERALISED BINARY CROSS ENTROPY
AND ITS PROPERTIES

In this section we design gBCE and theoretically show that it

can mitigate the overconfidence problem. In Section 5.1 we in-

troduce gBCE and analyse its properties; in Section 5.2 we show

that gBCE may be replaced with regular BCE loss with transformed

positive scores, which may be more convenient in practice; in Sec-

tion 5.3 we show how to reparametrise gBCE tomake it independent

from the chosen sampling rate; finally, in Section 5.4 we introduce

gSASRec – an improved version of SASRec, which uses gBCE.

5.1 Generalised Binary Cross Entropy
We now introduce Generalised Binary Cross Entropy (gBCE) loss,
which we use to analyse and mitigate overconfidence induced by

negative sampling. We define gBCE, parameterised by 𝛽 as:

L𝛽
gBCE

= − 1

|𝐼−
𝑘
| + 1

©«log(𝜎𝛽 (𝑠𝑖+ )) +
∑︁
𝑖∈𝐼 −

𝑘

log(1 − 𝜎 (𝑠𝑖 ))ª®¬ . (8)

gBCE differs from regular BCE loss in that it uses the generalised
logistic sigmoid function [28, 34] for the positive sample (sigmoid

raised to the power of 𝛽). The power parameter 𝛽 ≥ 0 controls the

shape of the generalised sigmoid. For example, when 𝛽 ≈ 0, the

output of the generalised sigmoid becomes closer to 1 for all input

scores. On the other hand, when 𝛽 = 1, BCE and gBCE are equal:

L1

𝑔𝐵𝐶𝐸 = LBCE (9)

Similarly to BCE, gBCE is also a pointwise loss, and it considers

the probability of interaction as a sigmoid transformation of the

model score (Equation (1)). We now show the exact form of the

relation between the prior probability 𝑃 (𝑖) (which we desire to

estimate, as we discuss in Section 3.2) and the modelled probabilities

𝑝𝑖 = 𝜎 (𝑠𝑖 ), learned by a model trained with gBCE.

Theorem 5.1. For every user in the dataset, let 𝑃 (𝑖) be the prior
probability distribution of the user interacting with item 𝑖 ∈ 𝐼 , 𝑠 =

{𝑠1, ...𝑠 |𝐼 | } are scores predicted by the model, 𝑖+ is a positive sample
selected by the user, 𝐼−

𝑘
= {𝑖−

1
, 𝑖−
2
, ..., 𝑖−

𝑘
} - k randomly (uniformly,

with replacement) sampled negatives, 𝛼 = 𝑘
|𝐼 − | - negative sampling

rate. Then a recommender model, trained on a sufficiently large num-
ber of training samples using gradient descent and L𝛽

gBCE
loss, will

converge to predict score distribution 𝑠 , so that

𝜎 (𝑠𝑖 ) =
𝛽𝑃 (𝑖)

𝛼 − 𝛼𝑃 (𝑖) + 𝛽𝑃 (𝑖) ;∀𝑖 ∈ 𝐼 (10)

Proof. With a sufficiently large number of training samples,

gradient descent converges to minimise the expectation of the

loss function [11, Ch. 4] (assuming the expectation has no local

minima). Therefore, the predicted score distribution converges to

the minimum of the expectation E
[
L𝛽
gBCE

]
:

𝑠 = argmin

𝑠
E

[
L𝛽
gBCE

]
(11)

Hence, our goal is to show that Theorem 5.1 is true if and only if

the expectation E
[
L𝛽
gBCE

]
is minimised.

To show that, we first rewrite the definition of L𝛽
gBCE

(Equa-

tion (8)) as a sum of contributions for each individual item in 𝐼 :

L𝛽
gBCE

=
1

|𝐼−
𝑘
| + 1

∑︁
𝑖∈𝐼

L𝑖 (12)

where the contribution of each item, L𝑖 , is defined as follows:

L𝑖 = −(I[𝑖 = 𝑖+] log(𝜎𝛽 (𝑠𝑖 )) +
𝑘∑︁
𝑗=1

I[𝑖 = 𝑖−𝑗 ] log(1 − 𝜎 (𝑠𝑖 ))) (13)

The probability of an item being selected as a positive is defined by

the prior distribution:

𝑃 (I[𝑖 = 𝑖+]) = 𝑃 (𝑖) (14)

whereas the probability of an item being selected as 𝑗𝑡ℎ negative is

equal to the product of the probability of an item being negative and

the negative sampling probability. If we apply a uniform sampling

with a replacement for identifying negatives, then the sampling

probability is always equal to
1

|𝐼 − | , so overall, the probability of

selecting an item 𝑖 as the 𝑗𝑡ℎ negative can be written as:

𝑃 (I[𝑖 = 𝑖−𝑗 ]) =
1

|𝐼− | (1 − 𝑃 (𝑖)) (15)

We can now calculate the expectations of each individual loss con-

tribution E[L𝑖 ]:

E[L𝑖 ] = −(𝑃 (I[𝑖 = 𝑖+]) log(𝜎𝛽 (𝑠𝑖 )) +
𝑘∑︁
𝑗=1

𝑃 (I[𝑖 = 𝑖−𝑗 ]) log(1 − 𝜎 (𝑠𝑖 )))

(By the definition of expectation)

= −(𝑃 (𝑖) log(𝜎𝛽 (𝑠𝑖 )) +
𝑘∑︁
𝑗=1

1

|𝐼− | (1 − 𝑃 (𝑖)) log(1 − 𝜎 (𝑠𝑖 )))

(Substituting Equations (14) and (15))

= −(𝑃 (𝑖) log(𝜎𝛽 (𝑠𝑖 )) +
𝑘

|𝐼− | (1 − 𝑃 (𝑖)) log(1 − 𝜎 (𝑠𝑖 )))

(The sum is just the same term repeated 𝑘 times)

= −(𝑃 (𝑖) log(𝜎𝛽 (𝑠𝑖 )) + 𝛼 (1 − 𝑃 (𝑖)) log(1 − 𝜎 (𝑠𝑖 )))

(Substituting the sampling rate definition 𝛼 =
𝑘

|𝐼− | )
(16)

Differentiating Equation (16) on 𝜎 (𝑠𝑖 ) we get:
𝑑 E[L𝑖 ]
𝑑𝜎 (𝑠𝑖 )

= − 𝛽𝑃 (𝑖)
𝜎 (𝑠𝑖 )

+ 𝛼 (1 − 𝑃 (𝑖))
1 − 𝜎 (𝑠𝑖 )

(17)

Our goal is to minimise the expectation E[L𝑖 ], so equating this

derivative to zero and solving for 𝜎 (𝑠𝑖 ) we obtain the value of 𝜎 (𝑠𝑖 ),
which minimises the expectation:

𝜎 (𝑠𝑖 ) =
𝛽𝑃 (𝑖)

𝛼 − 𝛼𝑃 (𝑖) + 𝛽𝑃 (𝑖) (18)

We now rewrite the expectation E
[
L𝛽
gBCE

]
as the sum of its

individual components:

E
[
L𝛽
gBCE

]
= E

[
1

|𝐼−
𝑘
| + 1

∑︁
𝑖∈𝐼

L𝑖

]
=

1

|𝐼−
𝑘
| + 1

∑︁
𝑖∈𝐼
E [L𝑖 ] (19)
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According to Equation (19), the expectation E
[
L𝛽
gBCE

]
is min-

imised when, for each 𝑖 ∈ 𝐼 , the individual contributions E[L𝑖 ] are
minimised, i.e. when Equation (18) is true for each 𝑖 ∈ 𝐼 . ■

We now use Theorem 5.1 to analyse properties of both regular

and generalised Binary Cross-Entropy losses. First, we show that

it is possible to train a model to estimate a prior distribution 𝑃 (𝑖)
exactly using gBCE loss.

Corollary 5.1.1. If a model is trained using negative sampling
with sampling rate 𝛼 ≤ 1 and gBCE loss L𝛽

gBCE
with 𝛽 = 𝛼 , then

the model converges to predict probabilities calibrated with the prior
distribution:

𝜎 (𝑠𝑖 ) = 𝑃 (𝑖) (20)

Proof. We can obtain Equation (20) by substituting 𝛽 = 𝛼 in

Equation (10). ■

We now use Theorem 5.1 to analyse properties of regular Binary

Cross-Entropy loss.

Corollary 5.1.2. If a model is trained with BCE loss LBCE and
negative sampling, with sampling rate 𝛼 , then it converges to predict
scores 𝑠𝑖 so that

𝜎 (𝑠𝑖 ) =
𝑃 (𝑖)

𝛼 − 𝛼𝑃 (𝑖) + 𝑃 (𝑖) (21)

Proof. According to Equation (9), LBCE is equal to L𝛽
gBCE

with

𝛽 = 1. Substituting 𝛽 = 1 into Equation (10) we obtain Equation (21).

■

We can now show that SASRec learns an overconfident score

distribution:

Corollary 5.1.3. The SASRec model with LBCE and one negative
per positive converges to yield scores 𝑠𝑖 , such that:

𝜎 (𝑠𝑖 ) =
𝑃 (𝑖) |𝐼 | − 𝑃 (𝑖)

𝑃 (𝑖) |𝐼 | − 2𝑃 (𝑖) + 1

(22)

Proof. SASRec uses one negative per positive, meaning that its

sampling rate is equal to:

𝛼 =
1

|𝐼 | − 1

(23)

Substituting Equation (23) into Equation (21), we get Equation (22).

■

Corollary 5.1.3 explains why SASRec tends to predict very high

probabilities for top-ranked items: when an item has a higher-than-

average probability of being selected (𝑃 (𝑖) ≫ 1

|𝐼 | ), the term 𝑃 (𝑖) |𝐼 |
dominates both the numerator and denominator of Equation (22),

meaning that the predicted probability 𝜎 (𝑠𝑖 ) will be very to close

to 1.

5.2 Relation between BCE and gBCE
In Section 5.1 we showed that gBCE is equal to regular BCE loss

when the power parameter 𝛽 is set to 1. We now show that these

two loss functions have a deeper relation, which allows using well-

optimised versions of BCE from deep learning frameworks instead

of gBCE.

Theorem 5.2. Let 𝑠+ be the predicted score for a positive item and
𝑠− = {𝑠𝑖−

1

, 𝑠𝑖−
2

..𝑠𝑖−|𝐼− |
} be the predicted scores for the negative items.

Then

L𝛽
gBCE

(𝑠+, 𝑠−) = LBCE (𝛾 (𝑠+), 𝑠−) (24)

where

𝛾 (𝑠+) = log

(
1

𝜎−𝛽 (𝑠+) − 1

)
(25)

Proof. According to the definition of the logistic sigmoid func-

tion (Equation (1)),

𝜎 (𝛾 (𝑠+)) = 1

𝑒−𝛾 (𝑠+ ) + 1

=
1

𝑒
− log

(
1

𝜎−𝛽 (𝑠+)−1

)
+ 1

(Substituting −𝛾 (𝑠+) with its definition (Eq. (25)))

=
1

𝑒 log(𝜎−𝛽 (𝑠+ )−1) + 1

(Using properties of the log(·) function)

=
1

𝜎−𝛽 (𝑠+) − 1 + 1

(The exponent and the logarithm cancel each other out)

=
1

𝜎−𝛽 (𝑠+)
= 𝜎𝛽 (𝑠+) (26)

Substituting 𝜎𝛽 (𝑠+) = 𝜎 (𝛾 (𝑠+)) into the definition of L𝛽
gBCE

(Equation (8)) and taking into account the definition of LBCE (Equa-

tion (7)) we get the desired equality:

L𝛽
gBCE

(𝑠+, 𝑠−) = − 1

|𝐼−
𝑘
| + 1

(
log(𝜎𝛽 (𝑠𝑖+ )) +

∑︁
𝑖∈𝐼 −

log(1 − 𝜎 (𝑠𝑖 ))
)

= − 1

|𝐼−
𝑘
| + 1

(
log(𝜎 (𝛾 (𝑠+))) +

∑︁
𝑖∈𝐼 −

log(1 − 𝜎 (𝑠𝑖 ))
)

= LBCE (𝛾 (𝑠+), 𝑠−)

■

In practice, Theorem 5.2 allows us to transform the predicted

positive scores by using Equation (25) and then train the model

using the regular BCE loss, instead of using gBCE directly. This is

actually preferable because many machine learning frameworks

have efficient and numerically stable implementations for standard

loss functions such as BCE loss. Indeed, in our implementation, we

also rely on Equation (25) score transformation and regular BCE

loss instead of using gBCE directly.
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5.3 Calibration Parameter 𝑡
As shown in Section 5.1, setting the power parameter 𝛽 = 1 in

gBCE resembles the regular BCE loss, whereas setting 𝛽 equal to

the sampling rate 𝛼 results in learning a fully calibrated distribution.

This means that reasonable values of the 𝛽 parameter lie in the

interval [𝛼..1]. In practice, we found working with this interval

inconvenient: we usually do not control the 𝛼 parameter directly

and instead infer it from the number of negatives and size of the

dataset. Similarly, the possible values of 𝛽 depend on these variables

as well. To make the interval of possible values independent from

𝛼 , we control the power parameter 𝛽 indirectly with the help of a

calibration parameter 𝑡 , which adjusts 𝛽 as follows:

𝛽 = 𝛼

(
𝑡

(
1 − 1

𝛼

)
+ 1

𝛼

)
(27)

This substitution makes model configuration simpler: we select 𝑡

in the interval [0..1], where 𝑡 = 0 (𝛽 = 1) corresponds to regular

BCE loss, and 𝑡 = 1 (𝛽 = 𝛼) corresponds to the fully calibrated

version of gBCE, which drives the model to estimate prior 𝑃 (𝑖)
exactly (according to Corollary 5.1.1).

5.4 gSASRec
gSASRec (generalised SASRec) is a version of the SASRec model

with an increased number of negatives, trained with gBCE loss.

Compared with SASRec, gSASRec has two extra hyperparameters:

(i) number of negative samples per positive 𝑘 ∈ [1..|𝐼− |], and (ii)

parameter 𝑡 ∈ [0..1], which indirectly controls the power parameter

𝛽 in gBCE using to Equation (27). In particular, when 𝑘 = 1 and

𝑡 = 0, gSASRec is the original SASRec model, as SASRec uses 1

negative per positive and gBCE becomes BCEwhen 𝑡 = 0. While our

primary focus is on the SASRec model, it is possible to apply gBCE

with other models; as an example, we use it also with BERT4Rec

(see Section 6.2.4).

In the next section we empirically evaluate gSASRec and show

that its generalisations over SASRec are indeed beneficial and allow

it to match BERT4Rec’s performance, while retaining negative

sampling.

6 EXPERIMENTS
We design our experiments to answer the following research ques-

tions:

RQ1 How does negative sampling affect BERT4Rec’s performance

gains over SASRec?

RQ2 What is the effect of gBCE on predicted item probabilities?

RQ3 What is the effect of negative sampling rate and parameter 𝑡

on the performance of gSASRec?

RQ4 How does gBCE loss affect the performance of SASRec and

BERT4Rec models trained with negative sampling?

RQ5 How does gSASRec perform in comparison to state-of-the-art

sequential recommendation models?

6.1 Experimental Setup
6.1.1 Datasets. We experiment with three datasets: MovieLens-

1M [12], Steam [22] and Gowalla [5]. There are known limitations

with MovieLens-1M [24, 26]: it is a movies ratings dataset, and

users may not rate items in the same order as they watch them, so

Table 1: Experimental Datasets.

Dataset Users Items Interactions

MovieLens-1M 6,040 3,416 999,611

Steam 281,428 13,044 3,488,885

Gowalla 86,168 1,271,638 6,397,903

the task, in this case, may be described as recommending movies

to rate (and not to watch) next. However, it remains one of the

most popular benchmarks for evaluating sequential recommender

systems [10, 17, 25, 29, 36], and more importantly, researchers use

it consistently without additional preprocessing (the dataset is al-

ready preprocessed by its authors). This consistency allows us to

compare results reported between different papers, and therefore

we find experimenting with this dataset important. To stay consis-

tent with previous research [25, 36], we use preprocessed versions

of the MovieLens-1M and Steam datasets provided in the BERT4Rec

repository
3
and do not apply any additional preprocessing. These

datasets have relatively small numbers of items and therefore are

suitable for training unsampled models such as BERT4Rec.

As a demonstration that gSASRec is suitable for larger datasets,

we also use the Gowalla dataset, which is known to be problematic

for BERT4Rec [24, 26]. For this dataset, and following common

practice [17, 24, 26, 33, 36, 37], we remove users with less than

5 interactions. Table 1 lists salient the characteristics of all three

datasets. We split data using the standard leave-one-out approach,
where we leave the last interaction for each user in the test dataset.

Additionally, for each dataset, we randomly selected 512 users - for

these users, we select their second last interaction and include them

into a validation dataset, which we use for hyperparameter tuning

as well as to control model early stopping
4
.

6.1.2 Metrics. Until recently, a somewhat common approach in

evaluating recommender systems on sampled metrics using only

small number of items, but it has been shown that this leads to

incorrect evaluation results in general [3, 18], and specifically for se-

quential recommender systems [7, 25]. Hence, we always evaluate

all item scores at the inference stage. Following [25], we evaluate

our models using the popular Recall and NDCG metrics measured

at cutoff 10. We also calculate Recall at cutoff 1, because according

to Equation (22), we expect SASRec to be more overconfident on

the highest-ranked metrics, and mitigating overconfidence should

have a bigger effect on metrics measured at the highest cutoff.

6.1.3 Models. In our experiments, we compare gSASRec with the

regular SASRec model, which serves as the backbone of our work.
5

We also use BERT4Rec as a state-of-the-art baseline. For all models

we set the sequence length to 200.

Additionally, we use two simple baselines: a non-personalised

popularity model, which always recommends the most popular

items; and the classic Matrix Factorisation model with BPR [32]

loss. Our implementation of SASRec (and gSASRec) are based on the

3
https://github.com/FeiSun/BERT4Rec/tree/master/data

4
All code for this paper is

available at https://github.com/asash/gsasrec
5
Recall that SASRec uses BCE as a loss

function - we do not test pairwise and listwise loss functions, because, as mentioned

in Section 2.1, they are expensive to apply on GPUs, and (e.g.) LambdaRank [2] does

not improve SASRec [24, 26].

https://github.com/FeiSun/BERT4Rec/tree/master/data
https://github.com/asash/gsasrec
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Table 2: Effects of model architecture and negative sampling
on NDCG@10, for the MovieLens-1M (ML-1M) and Steam
datasets. * denotes a significant change (𝑝𝑣𝑎𝑙𝑢𝑒 < 0.05) in
NDCG@10 caused by negative sampling (comparing horizon-
tally) or model architecture (comparing vertically).

Dataset

Negative sampling

and loss function→
Architecture↓

1 negative

per positive;

BCE Loss

(as SASRec)

No negative

sampling;

Softmax Loss

(as BERT4Rec)

Negative
sampling
and loss
effect

SASRec 0.131 0.169 +29.0%*
BERT4Rec 0.123 0.161 +30.8%*ML-1M

Architecture effect -6.1% -4.7%
SASRec 0.0581 0.0721 +24.1%*
BERT4Rec 0.0513 0.0746 +45.4%*Steam

Architecture effect -11.7%* +3.4%*

original code
6
, whereas our implementation of BERT4Rec is based

on the more efficient implementation
7
from our recent reproducibil-

ity paper [25]. To ensure that the models are fully trained, we use an

early stopping mechanism to stop training if NDCG@10 measured

on the validation dataset has not improved for 200 epochs.

6.2 Results
6.2.1 RQ1. How does negative sampling affect BERT4Rec’s perfor-
mance gains over SASRec. To answer our first research question, we

train both BERT4Rec and SASRec on the Steam and MovieLens-1M

datasets using the sampling strategies, which were originally used

in these models: (i) one negative per positive and BCE loss (as in

SASRec) and (ii) all negatives per positive and Softmax loss (as

in BERT4Rec).
8
We use the original training objectives for both

architectures: item masking in BERT4Rec and sequence shifting in

SASRec; we also retain the architecture differences in the models

(i.e. we keep uni-directional attention in SASRec and bi-directional

attention from BERT4rec). The results of our comparison are sum-

marised in Table 2. The magnitude of SASRec and BERT4Rec results

are aligned with those reported in [25]. As can be seen from the ta-

ble, in all four cases, changing of the sampling strategy from the one

used by SASRec to the one used in BERT4Rec significantly improves

effectiveness. For example, SASRec’s NDCG@10 on MovieLens-1M

is improved from 0.131 to 0.169 (+29.0%) by removing negative

sampling and applying Softmax loss. BERT4Rec achieves a larger

improvement of NDCG@10 on Steam (0.0513 → 0.0746: +45.4%)

when changing the sampling strategy from 1 negative to all nega-

tives. In contrast, the effect of changing the architecture is moderate

(e.g. statistically indistinguishable in 2 out of 4 cases), and frequently

negative (3 cases out of four, 1 significant).

In the answer to RQ1, we conclude that the absence of negative

sampling plays the key role in BERT4Rec’s success over SASRec,

whereas any gain by applying BERT4Rec’s bi-directional attention

architecture is only moderate and frequently negative. Therefore,

the performance gains of BERT4Rec over SASRec can be attributed

to the absence of negative sampling and Softmax loss and not to its

6
https://github.com/kang205/SASRec/

7
https://github.com/asash/bert4rec_repro

8
In this RQ, our goal is to better understand BERT4Rec’s gains over SASRec, so

we only experiment with their original loss functions and sampling strategies; We

apply other loss functions, such as Sampled Softmax, and more negative samples in

Section 6.2.4.

architecture and training objective. This is contrary to the explana-

tions of the original BERT4Rec authors in [36], who attributed its

superiority to its bi-directional attention mechanism (on the same

datasets). We now analyse how gBCE changes the distribution of

predicted probabilities.

6.2.2 RQ2. Effect of gBCE on predicted interaction probabilities. To
analyse the effects of gBCE on predicted probabilities, we train three

models: a regular SASRec model and two configurations of gSAS-

Rec: a first with 64 negatives and 𝑡 = 0.5 and a second with 256

negatives and 𝑡 = 1.0. Our goal is to compare prior probabilities 𝑃 (𝑖)
with probabilities predicted by the model 𝑝𝑖 . As we discuss in Sec-

tion 3.2, 𝑃 (𝑖) is unknown, so direct measurement of such relation is

hard. Hence, as a substitute for 𝑃 (𝑖), we use the popular mean Pre-

cision@K metric, which according to Cormack et al. [6] can be seen

as a measurement of the conditional probability of an item being rel-

evant, given its rank is less than K. We compare this metric with the

average predicted probability of items retrieved at rank less than K.

We perform this comparison for cutoffs K in the range [1..100]. Fig-

ure 2 displays the comparison results for MovieLens-1M and Steam

datasets, illustrating the expected theoretical relationship between

Precision@K and Predicted Probability@K based on Theorem 5.1.

Figure 2b shows that the theoretical prediction from Theorem 5.1

closely matches the observed relationship between Precision@K

and Predicted Probability@K in the Steam dataset. In theMovieLens-

1M dataset (Figure 2a), a slight discrepancy appears between the

theoretical prediction and observed relationship, likely because the

smaller number of users in the dataset doesn’t meet the requirement

of Theorem 5.1 for an adequate amount of training samples.

Despite these small discrepancies, the relation follows the trends

expected from our theoretical analysis. In particular, Figure 2 shows

that as expected from Corollary 5.1.3, SASRec is indeed prone to

overconfidence and on average predicts probabilities very close

to 1 for all ranks less than 100. In contrast, the probabilities pre-

dicted by gSASRec are considerably less than 1. For example, for

MovieLens-1M, gSASRec trained with 128 negatives and 𝑡 = 0.5, on

average predicts probability 0.57 at K=1, while the version with 256

negatives and 𝑡 = 1.0 predicts probability 0.13 at the same cutoff. To-

gether, this analysis shows that gSASRec trained with gBCE success-

fully mitigates the overconfidence problem of SASRec. Furthermore,

from the figure we also see that when parameter 𝑡 is set to 1, the

mean predicted probability is well-calibrated with mean precision

at all rank cutoffs (particularly on the Steam dataset). This is well-

aligned with Corollary 5.1.1, which states that when parameter 𝛽 in

gBCE is set equal to the sampling rate (i.e. setting parameter 𝑡 = 1)

results in learning in fully calibrated probabilities. Overall in answer

to RQ2, we conclude that gBCE successfully mitigates the overcon-

fidence problem, and in a manner that is well-aligned with our theo-

retical analysis. We next turn to the impact of gBCE on effectiveness.

6.2.3 RQ3. Effect of negative sampling rate and parameter 𝑡 on the
performance of gSASRec. In comparison to SASRec, gSASRec has

two additional hyperparameters: the number of negative samples

and the parameter 𝑡 , which adjusts probability calibration. To ex-

plore the impact of these parameters on performance, we conduct

a grid search: selecting the negative sample count from [1, 4, 16, 64,

256] and the calibration parameter 𝑡 from [0, 0.25, 0.5, 0.75, 1.0].

https://github.com/kang205/SASRec/
https://github.com/asash/bert4rec_repro
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Figure 2: Relation between Mean Precision@Kmetric and Mean predicted probability@K for cutoffs K in [1..100] range. The
figure also includes theoretical prediction for the relation according to Theorem 5.1.
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Figure 3: gSASRec: Effect of varying number of negatives
and calibration parameter 𝑡 on NDCG@10, MovieLens-1M.
* denotes a significant improvement over SASRec (𝑝𝑣𝑎𝑙𝑢𝑒 <

0.05, Bonferroni multiple test correction).

Figure 3 portrays our grid search on MovieLens-1M (on others

datasets we observed a similar pattern and omit their figures for

brevity). From the figure, we observe that, as expected from the the-

oretical analysis, both 𝑡 and the number of negatives have a positive

effect onmodel effectiveness. For example, when the number of neg-

atives is set to 1, varying 𝑡 from 0 to 1 allows increasing NDCG@10

from 0.126 to 0.158 (+25%, significant, compared to SASRec, which

is also gSASRec with 1 negative and calibration 𝑡 = 0). Interestingly,

the result of gSASRec with 1 negative and 𝑡 = 1 is similar to what

BERT4Rec achieves with all negatives (0.158 vs. 0.161: -1.86%, not

significant). We also observe that when the number of negatives is

higher, setting a high value of 𝑡 is less important. For example, when

the model is trained with 256 negatives (7.49% sampling rate), the

model achieves high effectiveness with all values of 𝑡 . This is also

not surprising – by design, more negative samples and higher values

of 𝑡 should have a similar effect in gBCE. During our experiments,

we also observed that setting parameter 𝑡 very close to 1 also in-

creased the training time of the model. Keeping this in mind, in prac-

tical applications we recommend setting 𝑡 between 0.75 and 0.9, and

the number of negatives between 128 and 256 – this combination

works well on all datasets, converging to results that are close to the

best observed without increasing training time. This answers RQ3.

6.2.4 RQ4. Effect of gBCE loss on negatively sampled SASRec and
BERT4Rec. To investigate the effect of gBCE on SASRec and BERT4Rec

models with negative sampling , we train the models with the num-

ber of negative samples selected from [1, 4, 16, 64, 256] and the loss

function selected from [BCE, gBCE, Sampled Softmax Loss (SSM)]

on the MovieLens-1M dataset. In this experiment, we use a fully-

calibrated version of gBCE (𝑡 = 1.0). Figure 4 summarises the results

of the experiment. As we can see from the figure, gBCE performs

better than both BCE and Sampled Softmax loss when the number

of negatives is small. For example, for BERT4Rec trained with 4

negatives, gBCE has a higher Recall@1 (0.059) than both BCE (0.055;

-5.8% compared with gBCE) and Sampled Softmax (0.046, -20%) and

has the highest NDCG@10 of 0.154, while BCE has NDCG@10

of 0.150 (-2.6% compared with gBCE) and Sampled Softmax has

NDCG@10 of 0.134 (-12.9%). In the case of SASRec, the difference

is even larger when the number of negatives is small (recall that

SASRec trained with gBCE is also gSASRec). For example, with 16

negatives, gBCE achieves Recall@1 0.0769, BCE achieves 0.0673

(-12.5%), and Sampled Softmax achieves 0.0635 (-17.5%). We hypoth-

esise that gBCE affects SASRec more than BERT4Rec due to their

training objectives. SASRec predicts the next item in a sequence,

while BERT4Rec predicts randomly masked items. Consequently,

altering SASRec’s loss function directly impacts its performance in

next-item prediction. In contrast, changing BERT4Rec’s loss func-

tion only affect the masking task which is less directly related to

the next item prediction task [24, 26]. On the other hand, when

more negatives are sampled, gBCE becomes less beneficial. For

example, with 256 negatives, all three loss functions achieve similar

NDCG@10 (0.1674 gBCE; 0.1703 (+1.7%) BCE and 0.1660 (-0.08%)

Sampled Softmax). This is an expected result because 256 negatives

represent a significant proportion of all negatives (7.5%), and over-

confidence becomes less of an issue for BCE and Sampled Softmax.

In conclusion, for RQ4, gBCE outperforms BCE and Sampled Soft-

max in SASRec and BERT4Rec with few negatives; improvement is

larger in SASRec. However, with many negatives, traditional loss

functions like BCE and Sampled Softmax work well unaltered, but

high sampling rates are impractical due to memory and computa-

tional constraints.

6.2.5 RQ5. gSASRec performance in comparison to state-of the-art
sequential recommendation models. To answer our last research

question, we compare gSASRec with the baseline models. We also

add to comparison a version of SASRec trained with full Softmax

(without sampling) because, as we discuss in RQ1, it exhibits SOTA
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Figure 4: Performance of SASRec and BERT4Rec architectures, trained on the MovieLens-1M dataset with a variable number of
negatives and various loss functions. BCE is a classic Binary Cross Entropy Loss, gBCE - Generalised Binary Cross-entropy
(t=1.0), SSM - Sampled Softmax Loss with uniform sampling.

performance; however, we omit non-standard versions of BERT4Rec

and SASRec trained with BCE or Sampled Softmax, because as we

report in RQ4 they are not beneficial compared to gBCE. We also ex-

clude BERT4Rec with gBCE from our analysis because, as per RQ4,

gSASRec achieves superior results when measured by Recall@1 and

similar results when evaluated by NDCG@10. After tuning hyper-

parameters on the validation set, we report the results of gSASRec

with 128 negatives and 𝑡 = 0.9 for Steam and Gowalla, and with 256

negatives and 𝑡 = 0.75 for MovieLens-1M. Table 3 summarises the

results of our evaluation. The table shows that gSASRec achieved

the best or the second best result on all datasets according to all

metrics. Indeed, on the smaller datasets (MovieLens and Steam),

where we were able to train BERT4Rec and SASRec without sam-

pling, gSASRec performs similarly to the best unsampled model (e.g.

+4.1% NDCG@10 on MovieLens-1M compared to SASRec-Softmax

(not significant) or -1.74% compared to BERT4Rec on Steam, sig-

nificant). Interestingly, on MovieLens-1M, both SASRec-Softmax

(our version of SASRec trained without negative sampling) and

gSASRec significantly improve Recall@1, suggesting that at least in

some cases SASRec’s unidirectional architecture may be beneficial.

This also echoes our observations while analysing RQ1.

Crucially, gSASRec always significantly outperforms the regu-

lar SASRec model (+34% NDCG@10 on MovieLens-1M, +26% on

Steam, +47% on Gowalla). The result on Gowalla is particularly

important, as it demonstrates that gSASRec is suitable for datasets

with more than 1 million items, and it improves SASRec’s results

by a large margin on this large dataset. From Table 3 we also see

that all versions of SASRec (including gSASRec) require less train-

ing time than BERT4Rec. For example, on MovieLens, gSASRec

is 73.2% faster to train compared to BERT4Rec (23 minutes vs. 85

minutes) and, on Steam, gSASRec is 90.9% faster (58 minutes vs.

642 minutes). However, we also see that gSASRec requires more

training time than SASRec (e.g. 58 vs. 32 minutes on Steam); we

explain that by the fact that more accurate probabilities estimation

with gBCE requires more training epochs to converge (238 epochs

vs. 170 epochs in our experiment).

Finally, for MovieLens-1M, we compare the results achieved by

gSASRec with those of the most recently proposed models in the lit-

erature, which report the best results, namely ALBERT4Rec [25] (an

effective model similar to BERT4Rec, but based on ALBERT [19]),

and two contrastive models: DuoRec [29], and CBiT [10]. All papers

from our selection the use the same data-splitting strategy and un-

sampled metrics, so the results are comparable. Table 4 summarises

this comparison. As we can see from the table, all these publications

report Recall@10 close to 0.3, which is similar to what we obtain

with gSASRec. However, only gSASRec achieves an NDCG@10

above 0.17. Furthermore, as observed from Figure 3, this result is

not a one-off occurrence but a consistent outcome when the model

is trained with 256 negatives, making it unlikely to be a statistical

fluctuation. This is likely due to its better focus on highly-ranked

items, as gBCE is specifically designed for improving overconfi-

dence in highly-scored items.

Overall, our experiments show that gSASRec performs on par

with SOTA models, retaining the negative sampling required for

use on big catalogues and converging faster than BERT4Rec.

7 CONCLUSIONS
In this paper, we studied the impact of negative sampling on sequen-

tial recommender systems. We showed (theoretically and empiri-

cally) that negative sampling coupled with Binary Cross-Entropy

loss (a popular combination used by many sequential models) leads

to a shifted score distribution, called overconfidence. We showed

that overconfidence is the only reason why SASRec underperforms

compared to the state-of-the-art BERT4Rec. Indeed, when we con-

trol for negative sampling, the two models perform similarly. We

proposed a solution to the overconfidence problem in the form of

gBCE and theoretically proved that it can mitigate overconfidence.

We further proposed gSASRec, which uses gBCE, and experimen-

tally showed that it can significantly outperform the best unsampled

models (e.g. +9.47% NDCG@10 on the MovieLens-1M dataset com-

pared to BERT4Rec) requiring less training time (e.g. -90.9% on the

Steam dataset compared to BERT4Rec), while also being suitable

for large-scale datasets. We also showed that gBCE may be ben-

eficial for BERT4Rec if it is trained with negative sampling (e.g.

+7.2% compared to BCE when trained with 4 negatives). The theory

and methods presented in this paper could also be applied to not

just sequential recommendation models but also to other types of

recommendation as well as to NLP or search tasks – we leave these

directions to future work.



RecSys ’23, September 18–22, 2023, Singapore, Singapore Aleksandr Petrov and Craig Macdonald

Table 3: Evaluation results. Bold denotes the best model on the dataset for that metric and underlined is the second-best model.
* denotes a significant difference with the best-performing model (𝑝𝑣𝑎𝑙𝑢𝑒 < 0.05). SASRec-Softmax is a SASRec-based model
trained without negative sampling and Softmax loss (as BERT4Rec).

Model

Datasets

MovieLens-1M Steam Gowalla

Category Model

Negative

Sampling

Loss

Recall

@1

Recall

@10

NDCG

@10

Time

(min)

Recall

@1

Recall

@10

NDCG

@10

Time

(min)

Recall

@1

Recall

@10

NDCG

@10

Time

(min)

Baselines

Popularity N/A N/A 0.005* 0.036* 0.017* 0.0 0.0077* 0.0529* 0.0268* 0.0 0.0011* 0.0081* 0.0041* 0.1

MF-BPR Yes BPR 0.010* 0.075* 0.037* 0.1 0.0071* 0.0393* 0.0206* 0.4 0.0083* 0.0282* 0.0170* 2.1

Unsampled

BERT4Rec No Softmax 0.058* 0.294 0.161* 86 0.0281 0.1379 0.0746 642 Infeasible (requires >100GB of

GPU memory, see Section 1)SASRec-Softmax No Softmax 0.073 0.293 0.169 9 0.0280 0.1323* 0.0721* 80

Sampled

SASRec Yes BCE 0.046* 0.247* 0.131* 13 0.0193* 0.1121* 0.0581* 32 0.0505* 0.1831* 0.1097* 145

gSASRec Yes gBCE 0.082 0.300 0.176 23 0.0283 0.1355 0.0735 58 0.0782 0.2590 0.1616 191

Table 4: Comparison of gSASRec with recent reported results
on MovieLens-1M. Bold indicates the best value.

Recall@10 NDCG@10

DuoRec [29] 0.294 0.168

ALBERT4Rec [25] 0.300 0.165

CBiT [10] 0.301 0.169

gSASRec 0.300 0.176
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