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Abstract

Recommendation systems, employed in many industry verticals such as e-commerce, media
content and advertisement, are a much required commercial tool in today’s Online world. With
the acceleration of the internet over the last 2 decades, today’s recommendation systems
need to be able to score, rank and retrieve items from a very large corpus. The Two Tower
architecture, a very popular deep neural network (DNN) that powers some of the world’s busiest
recommendation engines typically encodes the user-related information in one tower and item
information in the other tower before performing a dot product between the two towers; the
goal being to recommend items based on a user’s past item interactions. One of the biggest
challenges that remains in the Two Tower model is understanding items that a user did not
interact with and ensuring there is no selection bias, particularly from implicity user feedback,
from all of the positive labels. Negative sampling helps combat this challenge as negative
interactions (user-non-item pairs) are randomly sampled from a subset of all user-item pairs.
This dissertation investigates existing Negative Sampling techniques, in particular, in-batch,
mixed-batch and cross-batch sampling and the challenges that they overcome from existing
literature. Experiments are conducted for each technique with a variety of loss criteria such as
decoupled-softmax and Top-K and metrics such as Precision@k, Recall@k and nDSG@k are
recorded. The final results are evaluated and the paper concludes with providing a direction of
negative sampling strategies for future research.
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Chapter 1

Introduction
Over the last decade, recommendation systems have played a crucial commercial role in
increasing user engagement across internet-based businesses. Product catalogs such as
Amazon, Video catalogs such as Youtube and Netflix, Search Engines and Games are just some
categories where recommendation systems exist to ensure that users remain engaged. Often, a
recommendation starts with the notion of "user A engaged with this item and so user A may
also engage with these similar items" (item to item similarities) or "user A and user B engaged
with similar products; user A engaged with item A so user B may also engage with item A".

Today, recommendation systems need to be able to scale to millions and billions of labels in
very low latency conditions.

1.1 Example Section

Like all chapters, it will have a number of sections . . .

1.1.1 Example Subsection

. . . and subsections . . .

Example Sub-subsection

. . . and sub-subsections.

1.2 Another Section With a Long Title and Whose
Title Is Abbreviated in the Table of Contents

Table 1: An example table

Items Values
Item 1 Value 1
Item 2 Value 2

Another section, just for good measure. You can reference a table, figure or equation using
\ref, just like this reference to Table 1.

1.3 Example Lists

1.3.1 Enumerated

1. Example enumerated list:

1
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• a nested enumerated list item;

• and another one.

2. Second item in the list.

1.3.2 Itemised

• Example itemised list.

– A nested itemised list item.

• Second item in the list.

1.3.3 Description

Item 1 First item in the list.

Item 2 Second item in the list.



Chapter 2

Literature Review
Recommendation systems are integral to modern digital ecosystems, enabling users to navigate
the overwhelming volume of available content and items. They are widely used across various
domains, including e-commerce, streaming services, social media, and the Internet of Things.
The primary goal of these systems is to enhance the user experience by providing personalised
suggestions based on a variety of data sources.

Benefits of Recommendation Systems
Recommendation systems offer significant benefits to users. They manage information overload
by filtering and prioritising options, helping users navigate the vast array of choices in today’s
digital landscape. This makes it easier for users to find what they are looking for. Additionally,
these systems personalise suggestions to individual users, making for a more engaging and
relevant experience, which can increase user satisfaction and loyalty. For instance, in the context
of the Internet of Things, Felfernig et al. (2019) highlights that recommendation technologies
support the efficient identification of relevant artifacts, making them key technologies of future
solutions.

Recommendation systems also leverage user data, such as historical interactions and preferences,
to iteratively improve recommendations. Interestingly, Melchiorre et al. (2021) found that the
Bayesian Personalised Ranking, an algorithm that optimises recommendations based on user-
item interaction data, returned the most set of diverse recommendations in their experiments
despite having weaker accuracy metrics.

Effective recommendation systems can also drive sales by suggesting complementary products
or services, thereby increasing the average order value. They encourage users to spend more
time on platforms by presenting them with content that aligns with their interests. Furthermore,
by providing relevant suggestions, recommendation systems improve the overall user experience,
leading to higher retention rates and positive feedback.

Types of Recommendation Approaches
Recommendation approaches may be categorised into several types. Collaborative filtering
recommends items based on the preferences of similar users. It assumes that users who have
agreed in the past will agree in the future (Aggarwal, 2016; Gupta and Dave, 2020; Panda and
Ray, 2022). This approach can be further divided into user-based collaborative filtering, which
suggests items based on the preferences of similar users, item-based collaborative filtering,
which recommends items similar to those the user has liked in the past and latent-factor based
matrix factorization, which recommends items based on latent features of both items and
users (Aggarwal, 2016; Panda and Ray, 2022).

Content-based filtering, on the other hand, recommends items by comparing the content of
items that a user has liked in the past with new items. For example, if a user enjoys a particular
genre of music, the system will suggest similar genres (Aggarwal, 2016; Felfernig et al., 2019;
Panda and Ray, 2022).

3
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Hybrid approaches combine collaborative filtering and content-based filtering to leverage the
strengths of both methods while mitigating their weaknesses. For instance, a hybrid group
recommendation model can consider both individual user preferences and group cohesion to
enhance the recommendation quality (Aggarwal, 2016; Jeong and Kim, 2019).

Context-aware recommendations consider additional contextual information such as location,
time, and user activity to tailor suggestions. This approach, particularly relevant in the Internet
of Things, enhances the relevance of recommendations by considering the user’s current
situation (Felfernig et al., 2019). Aggarwal (2016) further observes that such contextual
information greatly improves the effectiveness of the recommendation process.

Two-Tower Neural Networks
In today’s digital landscape, recommendation systems need to be able to recommend items
from large corpora which has led to the increasing importance of deep learning neural networks.
Deep learning neural networks are able to model more complex patterns in data, achieve much
higher accuracy and offer flexibility in design (Schifferer, 2021) then traditional approaches
such as matrix factorization or collaborative filtering. One such deep learning neural network
is the two-tower neural network, often referred to as a dual-encoder architecture.

Two-tower neural networks are a popular framework in recommendation systems designed to
learn separate representations for users and items. This architecture consists of two towers:
one tower encodes user features and the other tower encodes item features. The outputs from
these networks are then combined using a simple operation, such as dot product or cosine
similarity, to generate a score that indicates the relevance of an item to a user, thus allowing
for efficient retrieval of items from a large pool.

Negative Sampling
Negative sampling is a technique often employed in training two tower networks, especially
when dealing with implicit feedback data, by selecting negative examples (items a user has not
interacted with) alongside positive examples (items a user has interacted with). This approach
allows the model to learn to distinguish between liked and disliked items effectively, thereby
improving the predictive accuracy of the model. Negative sampling is particularly important to
large corpora since it is efficient in training (Chen et al., 2020; Fan et al., 2023; Yang et al.,
2024), handles imbalanced data (Chen et al., 2020, 2023; Yang et al., 2024), improves model
performance (Ding et al., 2019; Yang et al., 2024) and mitigates selection bias in the model
(Yang Google et al., 2020)

Having introduced recommendation systems, two-tower neural networks and negative sampling,
this Literature Review aims to:

1. Describe and discuss the Two-Tower Architecture in the context of recommendation
systems.

2. Review and discuss various negative sampling strategies

3. Discuss the current state-of-the-art negative sampling techniques within the context of
the two-tower architecture.

4. Review metrics that are commonly used to evaluate the performance of two-tower
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models.

5. Discuss some real world case studies where the two-tower model has been deployed with
negative sampling for large corpus recommendations.

2.1 Two-Tower Neural Networks

2.1.1 Overview

The two-tower neural network, otherwise known as the dual-encoder architecture (Gupta et al.,
2023), is a popular and widely used neural network in recommendation systems as it is designed
to efficiently match users with items. As illustrated in Figure 1, the architecture consists
of two distinct towers; a user tower for encoding user representations such as demographic
data and previous interactions based on an input query and an item tower for encoding item
representations such as titles and other item related metadata.

Figure 1: A dual-encoded two-tower architecture, adapted from (Li et al., 2022)

The dataset that is used in a two-tower architecture may be represented as a query set {ui}Ni=1

and an item set {vj}Mj=1 where N is the number of users and M is the number of items (Yu
et al., 2021).

The inputs to the user and item towers, ui and vj respectively, are fed through embedding
layers to obtain the user and item representations as vectors. Da, Kou and Peng (2022) used
Long-Short-Term-Memory (LSTM) networks to encode the inputs in their proposal of a dual
encoder retrieval model for citation recommendations. Citations tend to be keyword heavy
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and in this instance LSTM, capable of handling sequential data, helped with the vanishing
gradient problem.

Figure 2: Overview of neural network based
two-tower model (Li et al., 2022)

However, for most other recommendation sys-
tems, one-hot encoding of the inputs is suf-
ficient as this provides a generic vector rep-
resentation of the latent features (He et al.,
2017). For each tower, this results in feature
embeddings e = [e1, e2, ..., em] where ei ∈ Rd

is the embedding of the i -th feature and d is
the embedding dimension (Li et al., 2022).

The Deep Neural Network (DNN) for both
towers is a Multi Layer Perceptron (MLP) that
includes some hidden layers as well as fully-
connected layers as illustrated in Figure 2. To
get the representations of the user and item
towers, the fully-connected layers go through
an L2 normalization layer resulting in pu =
L2Norm(hL) for the user representation and
pv = L2Norm(hL) for the item representation.
L denotes the depth of the fully-connected
layers h. The final output of the model is the
dot product of the query and item embedding resulting in a matrix score, s(u, v) (Yu et al.,
2021; Li et al., 2022):

s(u, v) = ⟨pu, pv⟩ (1)

2.1.2 Benefits of the Two-tower Model

The two-tower model may be considered a hybrid model and offers several advantages over
other architectures such has collaborative filtering and content-based filtering. The simplicity
of the model’s architecture, namely the two towers, allows for it to be easily understood and
implemented for different recommendation system applications, compared to more complex
architectures.

Another advantage is scalability. Given that the two towers are processed in a parallel manner,
the architecture is able to scale to handle millions of items and queries, thus making it suitable
for industrial applications. Additionally, since the architecture relies on pre-computing and
caching the item embedding (Su et al., 2023), this significantly speeds up the retrieval process
making it quite an efficient model.

Each tower is also able to leverage different latent user and item features making it a flexible
architecture that is able to capture latent representations of both users and items. Importantly,
this allows the model to better address the cold-start issue, where new users or new items lack
sufficient historical interaction (Lee and Cho, 2023).
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2.1.3 Challenges

Despite its advantages, the two-tower model comes with challenges that must be addressed.
Firstly, the lack of interaction between the user and item towers during the training phase
prevents the model from leveraging potential cross-information. This separation can hinder
the model’s ability to learn shared representations, potentially degrading its performance (Li
et al., 2022; Shan et al., 2023; Su et al., 2023).

Secondly, the architecture suffers from data imbalance issues, particularly due to the sparsity of
implicit feedback. Implicit feedback often contains disproportionately more positive interactions
leading to a selection bias (Ding et al., 2019; Chen et al., 2023; Yang et al., 2024). This bias
can cause the recommendation system to recommend items that are popular within the corpus
but not relevant to the user’s preferences or historical engagement patterns.

Finally, although the two-tower architecture mitigates the cold-start issue, it has been shown
to under-perform in certain scenarios. As highlighted by Lee and Cho (2023) the two-tower
model under performs on understanding user features when only the item-representations are
shared inside the user-encoder.

To address these challenges, more complex solutions exist (Yu et al., 2021; Li et al., 2022).
However, negative sampling stands out as a straightforward and computationally efficient
method to enhance the model’s performance.

2.2 Negative Sampling in Two-Tower Networks

The goal of negative sampling is to improve the efficiency and effectiveness of a model’s
training process. The model does this by taking a small subset of negative samples from the
entire pool of possible negative samples (Yang et al., 2024). More formally, Yang et al. (2024)
presents the mathematical definition of negative sampling as L = l(x , x+, x−), x− ∼ pn(x

−).

Figure 3: Performance and convergence speed
comparison with various negative sampling
methods (Yang et al., 2024)

From the sampling distribution pn(x
−), nega-

tive sampling would select a sample x− from
the pool of all sample candidates for a specific
positive sample x+ or anchor sample x , where
l(.) is a specific loss function such as Bayesian
Personalized Ranking loss or InfoNCE loss.

Several negative sampling strategies exist in
the context of two-tower networks to help
solve the challenges of data imbalances, lim-
ited interaction between the towers and the
cold-start issue. The earliest implementa-
tion of negative sampling is random negative
sampling where a subset of negative samples
from the corpus is randomly selected (Yang
et al., 2024). Infact, Rendle et al. (2012)
utilised random negative sampling in their
proposed optimisation criterion of Bayesian
Personalised Ranking to solve the lack of neg-

atives in implicit feedback. However, while random negative sampling may be computationally
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efficient, since only a subset of negative samples are selected, the model performance degrades
on larger datasets as the relevancy of the selected negatives reduces during training (Yang
et al., 2024).

The limitation of random negative sampling led to popularity-based negative sampling where
more popular negative items in the corpus are selected on the assumption that they are likely
to be true negatives if they frequently occur (Yang et al., 2024). Yang Google et al. (2020)
used popularity-based negative sampling within each training batch in their proposal of mixed
negative sampling to solve the selection bias issue.

Hard negative sampling strategies, such as dynamic negative sampling and mixture-based
dynamic negative sampling later came about, focusing on the selection of challenging negative
samples. These strategies involve identifying and utilising samples that the model struggles
to classify, as opposed to random negative sampling or popularity-based negative sampling
where easy negatives don’t contribute towards the model’s learning process. Dynamic negative
sampling dynamically adjusts the selection of negative samples during training, targeting
samples that are particularly difficult for the model to learn. This adaptability allows the model
to continue to learn and improve its performance (Yang et al., 2024).

On the other hand, mixture-based dynamic negative sampling synthesizes negatives from
a selected list of negative samples within the embedding space. This synthetic creation of
negative samples allows the model to learn on really hard negatives. Figure 3 confirms both
dynamic negative sampling and mixture-based dynamic negative sampling to have faster
convergence and better performance over static counterparts, random negative sampling
and popularity-based negative sampling. While dynamic negative sampling shows a better
convergence when compared with mixture-based dynamic negative sampling, it suffers from a
slightly worse performance.

2.2.1 State-of-the-art in Negative Sampling

Reinforced Negative Sampler

Inspired by Reinforced Learning, Ding et al. (2019) proposed a novel Reinforced Negative
Sampler which integrates latent user information to generate high quality negatives. The
objective of Reinforced Negative Sampler was to address the selection bias from implicit
feedback. Primarily, the design of the Reinforced Negative Sampler involves an adversarial
sampler, to generate hard negative instances, and an exposure-matching sampler that generates
real negative instances based on the exposure data from users’ interactions and non-interactions.

Theoretically, by being able to combine hard and real negative instances, Ding et al. (2019) will
have reduced the amount of false negatives but this is not explicitly mentioned in their analysis.
Scepticism should also be drawn towards the expected additional computational overhead of
Reinforced Negative Sampler when used on an extremely large dataset with multiple latent
features for both users and items; it is noted that their analysis was performed on a subset of
data from potentially large dataset and click data, which is naturally limited in latent features.

Despite these contradictions, in their comparisons against Bayesian Personal Ranking, an
earlier sampling approach that addressed Ranking issues on implicit feedback (Rendle et al.,
2012), Reinforced Negative Sampling performed better than Bayesian Personalised Ranking
methods on Area-Under-Curve (AUC) and Normalised Discounted Cumulative Gain (nDCG).
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Mixed Negative Sampling

Yang Google et al. (2020) proposed a novel Mixed Negative Sampling approach combing
both batch negatives and additional uniformly sampled negatives from the entire corpus to
address the selection bias issue within two-tower networks. An advantage that Mixed Negative
Sampling offers is the flexibility to control the sampling distribution by adjusting the batch
from the additional sampled negatives via hyper-parameter tuning.

Mixed Negative Sampling was deployed to Google Play’s app recommendation system confirming
the scalability of this negative sampling technique. When experimented against batch negative
sampling on the Google Play dataset, mixed negative sampling performed significantly better.
Furthermore on live experiments, it was found that mixed negative sampling offered a 1.54%
statistical significance increase in high-quality app installs, thus validating the efficiency and
accuracy of this approach.

Cross-Batch Negative Sampling

Cross-Batch Negative Sampling differs from Mixed Negative Sampling in that instead of
training on in-batch negative sampling, Cross-Batch Negative Sampling uses an ephemeral
first-in-first-out (FIFO) memory bank to store previous item embeddings and use those across
mini-batches (Wang, Zhu and He, 2021). The motivation for creating this novel approach
was to address memory inefficiencies in in-batch training. However, while the authors are
correct in claiming that the memory inefficiencies are due to large batch sizes, they fail to
address the mini-batch size which in most models is a tunable hyper-parameter that can reduce
memory overhead and still offer decent performance as highlighted by the Mixed Negative
Sampling approach. Moreover, the authors later acknowledge that increasing the size of the
memory bank is detrimental to the stability of the item embeddings which degrades the model
performance.

One may surmise that on balance, the motivations to propose the Cross-Batch Negative
Sampling approach may have been unnecessary given that it is a slightly more complex model
and as discussed, questionable whether the potential gains warrant the added complexity of
introducing a memory bank to the model. Nevertheless, the authors were able to demonstrate
that on experiments run on Youtube recommendations (Covington, Adams and Sargin, 2016),
Cross-Batch Negative Sampling converged quicker with better recall and nDCG over Mixed
Negative Sampling, making it a viable approach to test at scale on large corpora.

Cache-Augmented Inbatch Importance Resampling (X IR)

Motivated by the sampling bias within in-batch sampling strategies, Chen et al. (2022) proposed
a novel Cache-Augmented Inbatch Importance Resampling (X IR) that resamples items from
a mini-batch based on adjusted probabilities by introducing a cache that stores frequently
sampled item embeddings to augment the candidate set. The inspiration for the Cache-
Augmented Inbatch Importance Resampling came from the previous novel Mixed Negative
Sampling approach. However, this approach increases complexity which is acknowledged in the
study: the resampling of the mini-batch incurs additional memory and computational costs
which is further exacerbated by the additional cost of memory for caching the items with the
highest scores.

Despite the complexity to the model, when experimented on a smaller Amazon dataset, it
performed better than Mixed Negative Sampling on recall and normalised discounted cumulative
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gain. However, it is quite likely that the model will struggle to scale into the realms of large
corpora due to the required additional computational and memory needs during training.

Batch-Mix Negative Sampling

Batch-Mix Negative Sampling is yet another model that addresses the sampling bias issue by
using a statistical method to generate additional negative samples based on the the mini-batch
and uses the item frequency in this virtual list to select the right negatives for training (Fan
et al., 2023). This approach reduces computational complexity and memory overheads unlike
previously discussed approaches of Cross-Batch Negative Sampling and Cache-Augmented
Inbatch Importance Resampling. To prove this, Batch-Mix Negative sampling has a space
complexity of O(Kx |B |) unlike Cache-Augmented Inbatch Importance Resampling which has a
space complexity of O(|B |x |B |) + O(|C |+ N) where B is the mini-batch, K is the negative
sample and C is the cache size.

When experimented on the Amazon dataset, Batch-Mix Negative sampling had significantly
better recall and normalised discounted cumulative gain over Mixed Negative Sampling. Com-
paring this data against the improvements that Cache-augmented Inbatch Resampling realised,
Batch-Mix Negative Sampling is a more performant approach with reduced computational
costs and memory overheads.

Bayesian Negative Sampling

Liu and Wang (2023) proposed Bayesian Negative Sampling to identify true negatives by
designing a Bayesian classifier and creating a Bayesian optimal sampling rule to sample
desired negatives, thus improving the quality of negative sampling. Experiments using this
approach were run on the Movie Lens dataset with collaborative filtering and found to perform
significantly better than Random Negative Sampling, Popularity-based Negative Sampling and
Dynamic Negative Sampling on precision, recall and normalised discounted cumulative gain.
While this specific approach was not experimented within the context of a two-tower network,
given the low computational costs to create the sampled negatives, this will like scale to large
corpora and two-tower models.

2.2.2 Evaluation Metrics

In Section 2.2.1, a number of metrics were mentioned in assessing the performance of the
state-of-the-art methods. These include hit ratio, mean reciprocal rank (MRR), precision@k ,
recall@k and normalised discounted cumulative gain (nDCG). Wang (2021) defines each of
these metrics and presents their formulas as mentioned below.

Hit Ratio

Hit ratio is defined as the correct answer given to a proportion of users U within a recommen-
dation list of length L. In equation 2, UL

hit is the proportion of users that have the correct
answer included within the recommendation list.

HR =
|UL

hit |
|Uall |

(2)
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Precision and Recall

precision@k
precision@k is defined as the proportion of relevant items in the top k recommendations from
all retrieved items. Precision indicates how well the model predicted the relevant items and is
formally presented as

precision =
{relevant items} ∩ {retrieved items}

|{retrieved items}|
(3)

recall@k
Conversely, recall@k is defined as the proportion of relevant items in the top k recommendations
from all relevant items. Recall indicates how well the model did when predicting the relevant
items and is formally presented as

recall =
{relevant items} ∩ {retrieved items}

|{relevant items}|
(4)

Mean Reciprocal Rank (MRR)

Reciprocal Rank
The reciprocal rank of a user, RR(u), is defined as the total relevance score of the top L items,
each weighted by its reciprocal rank and is formally presented as

RR(u) =
∑
i≤L

relevancei
ranki

(5)

Mean Reciprocal Rank (MRR) is therefore defined as the mean of all users that have received
a reciprocal rank and is formally presented as

MRR =
1

|Uall |

|Uall |∑
u=1

RR(u) (6)

Normalised Discounted Cumulative Gain (nDCG)

Normalised discounted cumulative gain (nDCG) is preferred as a metric in recommendation
systems as it improves upon Discounted Cumulative Gain (DCG) and Cumulative Gain (CG).

Gain
An item’s gain is typically the relevancy score, and in the context of recommendation systems
will be binary where 1 indicates the user has interacted with the item and 0 indicates the user
has not interacted with the item.

Cumulative Gain
CUmulative gain is the sum of gains up to position k in the recommendation list. It does
not account for the order of items in the list which is a problem for recommendation systems
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since the most relevant items in a recommendation should be ranked first. Cumulative gain is
formally presented as

CG (k) =
k∑

i=1

Gi (7)

Discounted Cumulative Gain (DCG)
Discounted Cumulative Gain overcomes the ranking limitation of cumulative gain by dividing
the gain by its rank. This guarantees that highly relevant items are placed at the top of
the recommendation list. However, discounted cumulative gain is unable to compare against
different top k as the score increases with k and is not indicative of the quality of the
recommendation. Discounted cumulative gain is formally presented as

DCG (k) =
k∑

i=1

Gi

log2(i + 1)
(8)

Ideal Discounted Cumulative Gain
To overcome the computed score limitation of discounted cumulative gain, ideal discounted
cumulative gain re-ranks the items according to their relevance in descending order up to
position k . Replacing k in discounted cumulative gain with |l(k)|, ideal discounted cumulative
gain is formally presented as

IDCG (k) =

|l(k)|∑
i=1

Gi

log2(i + 1)
(9)

Normalised Discounted Cumulative Gain (nDCG)
nDCG is therefore simply the normalisation of discounted cumulative gain over ideal discounted
cumulative gain and is formally presented as

nDCG (k) =
DCG (k)

iDCG (k)
(10)

2.3 Applications of Negative Sampling in Large Cor-
pora

More recent developments in the last few years around recommendation systems have been in
extreme multi-label classification where the labels in the corpus scale to millions and billions of
labels. At this scale, the challenge is to remain computationally and memory efficient while
ensuring a fast convergence. A good negative sampling strategy helps attain this goal (Dahiya
et al., 2022; Gupta et al., 2023). In the development of negative mining-aware mini batching
for extreme classification (NGAME), Dahiya et al. (2022) found that they were able to achieve
a 25% - 40% faster convergence compared to other techniques by feeding the initial model
with easy negatives before progressively applying harder negatives in subsequent epochs and
yet still maintain low computational costs and memory efficiency.
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Youtube, one of the world’s largest online video content catalog, frames the problem of
recommendation as an extreme multiclass classification task due to their enormous corpus.
Youtube uses a method of candidate sampling to select a smaller set of negative samples
from the overall corpus before adjusting these negative samples using a technique called
importance weighting to ensure accuracy (Covington, Adams and Sargin, 2016). Similarly,
Pinterest samples negative examples via an alternate candidate sampling technique using
session co-occurrence (Liu et al., 2017) for related pins, a web-scale recommendation system
that powers over 40% of user engagement on Pinterest.

Later works by Yi et al. (2019) show that they were able to reduce bias on extreme multi-label
classification tasks by considering only in-batch items as negatives and logQ correction. They
show that on live Youtube experiments, the sampling-bias-corrected model (Yi et al., 2019)
was able to achieve significant performance gains over standard softmax loss computation.

2.4 Summary

This chapter initially provided a comprehensive overview of recommendation systems and their
pivotal role in today’s digital landscape.Recommendation systems enhance user engagement
and retention by delivering personalised content, a crucial factor for long-term user satisfaction.

The focus then shifted to two-tower neural networks and the concept of negative sampling,
which are central to this review. Section 2.1 detailed the architecture of the two-tower network
highlighting its simplicity, scalability and flexibility. These attributes make it a versatile model
for various recommendation system applications. Despite this versatility, three challenges
within the architecture were also presented. Namely, the cold-start issue, selection bias and
the lack of interaction between the two towers were discussed with validation from previous
studies.

To address these issues, the review explored the evolution of negative sampling techniques.
Initially, strategies like random negative sampling and popularity-based negative sampling were
discussed. The review then emphasised the importance of hard negative sampling strategies,
which have shown to improve a model’s performance by focusing on more challenging negative
samples. The discussion then extended to state-of-the-artmethods in negative sampling,
forming the basis for the experiments in this research. Section 2.2.2 clarified the evaluation
metrics used in assessing these methods, such as precision@k , recall@k and nDCG@k .

Real world implementations of negative sampling in two-tower architectures were also examined
within the context of large corpora. Section 2.3 introduced extreme multi-label classification,
where maintaining low computational costs and remaining memory efficient while accelerating
convergence during training are paramount. The successful applications by platforms like
Youtube and Pinterest were highlighted, demonstrating significant performance improvements.

In conclusion, the scale of enterprise recommendation systems has influenced the evolution
of negative sampling techniques within two-tower networks. While current state-of-the-art
methods have improved the accuracy of relevant item predictions, challenges such as false
negatives persist (Yang et al., 2024). Future research should focus on eliminating false negatives
during training without any additional computational overhead, paving the way for more robust
and efficient recommendation systems.
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Experiments

3.1 Design

3.2 Training

3.2.1 Limitations

Macbook M1 Pro (Metal Performance Shader)

An Apple Silicon Macbook M1 Pro was initially used to train on a small dataset. Table 1
shows the hardware specifications of this macbook.

CPU Cores 10
Memory 32 GB

GPU Cores 16
GPU Memory No dedicated GPU Memory

Table 1: Apple M1 Pro Specification used originally at the start of research

The Apple M1 offers Metal Performance Shaders (MPS) as an alternative to NVidia’s CUDA.
While training a model on a small dataset, the EURLex-4K was possible in about 45 minutes,
training on a larger model, the LF-AmazonTitles-131K dataset would have taken days before
seeing results. Additionally the batch size needed to be significantly reduced, from 3000 down
to about 300 to train due to memory limitations.

PyTorch MPS Support

PyTorch’s support for MPS has not reached parity with CUDA yet. In particular, autocasting is
not possible as of this writing: https://github.com/pytorch/pytorch/issues/88415. Autocasting
allows using float16 thus reducing the memory footprint of training a model, however on the
Mac, each epoch uses float32.

3.2.2 University Cloud

14
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Results

4.1 Simple Recommendation system with Collabora-
tive Filtering

Figure 1: Training Loss over 1 Epoch

4.2 Dual Encoder models for XMC

4.2.1 Training on EURLex-4K

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
86.24 73.72 60.46 86.24 77.06 70.35 91.38 72.09 87.24 91.12

Table 1: EURLex 4K using decoupled-softmax loss

15
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P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
80.13 69.41 58.28 80.13 72.30 67.06 87.92 72.39 88.92 92.59

Table 2: EURLex 4K using softmax loss

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
84.06 72.15 60.36 84.06 75.38 69.66 90.10 73.39 87.06 90.39

Table 3: EURLex 4K using topK loss

4.2.2 Training on LF-Amazon-131K

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
42.35 28.79 20.60 42.35 44.13 46.27 50.03 56.27 65.42 68.61

Table 5: Amazon 131K using decoupled-softmax loss

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
42.15 28.54 20.47 42.15 43.84 46.0 49.85 56.17 65.49 68.83

Table 6: Amazon 131K using softmax loss

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
21.37 14.49 10.41 21.37 22.28 23.39 25.34 28.6 33.42 35.17

Table 7: Amazon 131K using decoupled softmax loss with hard negative mining

4.2.3 Training on LF-Amazon-1.3M

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
57.85 50.29 44.97 57.85 55.24 53.74 65.42 36.09 57.15 63.76

Table 8: Amazon 1.3M using decoupled softmax loss

4.2.4 Training on MovieLens-100K

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
100.0 33.33 20.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Table 9: MovieLens 100K using decoupled softmax loss
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P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
85.90 73.19 59.95 85.90 76.62 69.87 91.25 72.05 86.78 90.80

Table 4: EURLex 4K using decoupled-softmax loss with hard negative mining

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
0.11 0.1 0.08 0.11 0.2 0.25 0.25 0.75 4.22 7.95

Table 10: MovieLens 100K using softmax loss

P@1 P@3 P@5 nDCG@1 nDCG@3 nDCG@5 MRR@10 R@10 R@50 R@100
21.37 14.49 10.41 21.37 22.28 23.39 25.34 28.6 33.42 35.17

Table 11: Amazon 131K using decoupled softmax loss with hard negative mining



Chapter 5

Outcomes and Analysis
This is the chapter in which you review your design decisions at various levels and critique the
design process.
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Chapter 6

Conclusions and Future Work
This is the chapter in which you review the major achievements in the light of your original
objectives, critique the process, critique your own learning and identify possible future work.
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A.1 File: yourCodeFile.java
// This i s an example j a v a code f i l e , j u s t f o r i l l u s t r a t i o n

pu rpo s e s
pub l i c s t a t i c vo id main ( ) {

System . out . p r i n t ( " He l l o ␣World" ) ;

}
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